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Global food security is vital to sustain a population of 9 billion by 2050. Consequently, greater demand is 
being placed on water, land, and nutrients to increase food production – quickly surpassing resource 
availability. Developing regions, which already experience widespread food insecurity and limited 
resources, are increasingly challenged by extreme weather events. These regions also face economic 
and population growth and require strategies to produce higher quality food and feed more people.  
Fortunately, evidence shows agriculture already provides 2720 kcal person-1 day-1— exceeding the 
suggested daily value. However, ≈30% of harvested food is lost globally in the supply chain. India alone 
experiences ≈11-15 Mt of food grain postharvest loss (PHL) annually —enough for 1/3 of India’s food 
insecure population. Reduction of PHL can increase available food and prevent unnecessary waste of 
resources.  Few studies have been conducted to identify the precise source of PHL in India, and there 
are many discrepancies within existing data. Such discrepancies demonstrate the inherent complex 
nature of food grain supply chains and suggest the need for further analysis. 
This project sought to (i) create a model to simulate the production dynamics of a food grain supply 
chain and (ii) use this model to simulate scenarios, observe production dynamics, and examine the 
effects of interventions on postharvest loss. India’s grain production was used as the initial case study 
for this work. An agent-based modeling approach was selected due to the dynamic interactions between 
farms, traders, storage facilities, and the government; the ability to model individual decision-making 
processes; and the capacity to represent social interactions. The model was developed in MATLAB using 
modifications to a previously published agent-based model. Applications of the model observed the 




(ii) the effects of a dynamic government minimum support price under the introduction of a new 
processing facility.  
This work concluded that the introduction of a new processing facilities may able to capture up to 40% 
of the grain market and reduce PHL, if grain handling efficiency is greater than that of existing 
government storage facilities. The differences in PHL under static and dynamic government minimum 
support prices were insignificant. However, dynamic support prices showed potential for stabilizing and 
improving farmers’ profits. Additional modeling work is necessary to understand the impact of pricing 
interventions and emerging markets on PHL of grains in India. This work presents a potential agent-







This work would almost certainly not have been possible without the guidance and support of my 
primary advisor, Dr. Richard Gates. A mentor who sees potential in others when they cannot see it in 
themselves. An advisor with the ability to tell hard truths with objectivity and kindness. And a friend 
who puts the interests of others before his own. I will carry your influence with me into my professional 
life and beyond. However, it does seem likely, without your unrelenting support, that I would have 
swapped majors in favor of a more lucrative, albeit less intellectually satisfying, career. No matter.  
Thank you also to my very patient and supportive committee members, Dr. Kent Rausch and Dr. Rabin 
Bhattarai. (But truly, my committee is the best).  
Thank you to Dr. Yogendra Shastri, Dr. Luis Rodriguez, and the UIUC BioMass Laboratory for their 
support and guidance at the early stages of this work.  
Lastly, thank you to my family, friends, and dog – Starbuck – for their moral support and continuing to 








NOMENCLATURE ................................................................................................................................... vii  
CHAPTER 1:  INTRODUCTION ................................................................................................................... 1 
1.1 Problem Statement ........................................................................................................................ 1 
1.2 Objectives .................................................................................................................................... 4 
1.3 Thesis Outline ................................................................................................................................ 6 
CHAPTER 2:  LITERATURE REVIEW ............................................................................................................ 7 
2.1 Abstract ......................................................................................................................................... 7 
2.2 Introduction ................................................................................................................................... 7 
2.3 Factors Influencing Postharvest Loss ............................................................................................ 14 
2.4 Research and Modeling Tools to Study Postharvest Loss .............................................................. 40 
2.5 Summary of Literature ................................................................................................................. 45 
CHAPTER 3:  DEVELOPMENT OF ABM AND BASELINE RESULTS ............................................................... 46 
3.1 Overview of Methodology Approach ............................................................................................ 46 
3.2 Overview of the Original ABM ...................................................................................................... 49 
3.3 Defining the New Simulation ........................................................................................................ 53 
3.4 Modifications to Original ABM ..................................................................................................... 55 
3.5 Results for baseline model ........................................................................................................... 60 
CHAPTER 4:  SCENARIO ANALYSIS AND RESULTS .................................................................................... 64 
4.1 Scenarios ..................................................................................................................................... 64 
4.2 Scenario Results & Analysis .......................................................................................................... 65 
CHAPTER 5:  DISCUSSION OF RESULTS AND CONCLUSIONS .................................................................... 72 
5.1 Utility of the Model ...................................................................................................................... 72 
5.2 Limitations of the Model .............................................................................................................. 72 
5.3 Conclusions .................................................................................................................................. 75 
CHAPTER 6:  FUTURE WORK................................................................................................................... 77 
6.1 Areas of Future Research ............................................................................................................. 77 
6.2 Development of Framework for Novel ABM ................................................................................. 79 
6.3 Summary of Future Work ........................................................................................................... 107 





Appendix A, Sequence of Operations for Dr. Yogendra Shastri’s ABM on Biomass Feedstock 
Production Dynamics ....................................................................................................................... 116 






Postharvest loss Losses of a particular crop in the subsequent 
supply chain stages after the point the crop has 
been cut from the field; can be measured in mass 
or caloric losses 
 
PHL Abbreviation of “postharvest loss” (see above)  
 
Harvesting For the purposes of this work, harvesting 
represents the point at which the grain is cut 
from the field 
 
Harvesting stage The stage of the supply chain between harvesting 
and threshing 
  
Threshing For the purposes of this work, threshing 
represents the point that grain is separated from 
biomass 
 
MSP Minimum support price, the price at which the 
Government of India purchases crops from 
farmers put in place to protect farmers from 
unfavorable market fluctuations 
  
ABM  Agent-based model, a type of simulation used for 
modeling complex and dynamic systems 
  
ODD protocol  Overview, Design concepts, and Details protocol: 
a standardized method for describing agent-
based models established by Grimm et al (2006) 
  
Agent A stakeholder within an agent-based model that 
is assigned state variables at the onset of the 
simulation and may participate in decision 
making throughout 
  
Original ABM  An agent-based model published by Shastri et al 
(2011) designed to study the development of 






Modified ABM The model resulting from several modifications 
that were made to the Original ABM (see above), 
fulfilling Objective 1 of this thesis work 
 
 
BioFeed An optimization model for the productivity and 
cost of biomass in the U.S., based in GAMS, 
developed by Shastri et al (2011) 
 
Biorefinery In the context of this work, the Biorefinery 
represents an emerging grain processing facility 
in India, and is one of the key stakeholders of the 
Modified ABM  
 
FCI The Food Corporation of India  
 







The need for global food security has become paramount in order to sustain a growing population that 
is expected to reach approximately 9 billion by 2050 [UN DESA, 2009; World Bank]. This means that a 
greater demand has been placed on the technologies and resources needed to increase agricultural 
production using current methods. For example, predictions estimate that water demand will increase 
70-90% in order to feed a population of 9 billion with modern agricultural technologies. However, the 
increasing demand for water, arable land, and soil nutrients is quickly surpassing the availability of these 
resources. Additionally, seed technologies must constantly compete to maintain efficacy against 
evolving pests. Changing climates only serve to exacerbate challenges of increasing agricultural 
production; developing regions in particular are being affected by an increased number of droughts, 
floods, and other extreme weather events. Future strategies for enhancing food security must take 
these challenges into consideration. 
Developing regions are of particular concern because they are experiencing some of the highest rates of 
economic and population growth - far exceeding the same growth rates within the developed world.i As 
a result, developing countries are demanding more of higher quality foods, and at a faster rate. 
Unfortunately, resources such as water and arable land may also be more limited in these regions due to 
relatively larger populations. Therefore, it is especially important that strategies for enhancing food 
security consider limited water resources and additional impacts of climate change in developing 




Fortunately, meeting rising food demands may not necessarily mean allocating more water or 
developing new seed technologies. There is evidence suggesting modern agriculture already provides 
enough calories to feed everyone in the world 2720 kcal per day – a number which exceeds the 
suggested daily value. However, approximately 30% of all food that is harvested is lost or wasted 
globally. These losses are aptly referred to as “postharvest losses” and they occur at all stages of the 
supply chain: production, storage, transportation, processing, distribution, and consumer levels. 
Reduction of post-harvest losses can increase available food and prevent unnecessary waste of 
resources such as water, soil, and fuel [UN FAO, 2009]. 
This work will focus on the challenges of postharvest loss (PHL) and methods for reducing PHL rates in 
the developing world, with a focus on rural India. India is a particularly interesting case for studying PHL 
because it has recently achieved self-sufficiency for grain production (also becoming a net exporter) 
despite being a developing country [UN FAO, 2009]. However, recent calculations have shown that 
approximately 11-15 Mt of food grains are lost annually within the country. The amount of grains lost 
would have provided enough food for 1/3 of India’s food insecure population [Basavaraja et al, 2007]. 
In Indian grain production, most postharvest losses occur primarily during the early stages of the supply 
chain (e.g. farm and storage levels) rather than distribution and consumer levels as in mechanically-
based agricultural regions. Estimations of losses at individual stages of the supply chain vary greatly 
among studies, making it difficult to identify and strategize against the source of losses. There is some 
consensus that many losses are occurring within storage and that policy and farm management 
practices play critical roles in mitigating loss. However, the remaining uncertainty surrounding the 
precise source of losses, and variation among postharvest loss data for India, suggests that the 




Additionally, India’s food grain production system is increasingly complex due to changes in policy 
resulting from the farm bill of 2013 and trade-offs they face between establishing self-sufficiency and 
self-reliance. The newest legislation protects farmers’ marketability of food grains by ensuring all grains 
will be purchased by the government at a minimum fair price (the minimum support price, MSP) for 
welfare purposes. Additionally, welfare grains are guaranteed to India’s poorest people - who will be 
provided with an equivalent monetary subsidy if grains cannot be distributed. The legislation also 
imparts export restrictions on the food grain market – challenging India’s ability to compete in global 
markets and maintain stable domestic grain prices. These factors make India a particularly interesting 
and challenging case for studying food security and postharvest loss reduction [Diouf, 2002]. 
Some practices that have been considered by the literature for adoption in India include: addressing 
mismanagement of government storage facilities, increasing crop diversity, and improving farmer access 
to mechanized equipment [CGIAR, 2013]. 
Government storage facilities in India are currently limited in space and technology, and some suffer 
from poor management. The multitude of issues could be bypassed by providing more on-farm storage 
options, or additional private and co-op storage facilities. Additionally, policy interventions could play a 
role by either providing farmers with a direct income subsidy, rather than a minimum fair grain price, or 
by placing a cap on government procurement of grains to prevent build-up and loss in these storage 
facilities [Zhong, 2014].  
Some of the issues associated with grain build-up and waste in storage may also be mitigated by 
increasing crop diversity. Current policies encourage mono-cropping of wheat and rice because those 
commodities have prices that are protected by legislation. Encouraging diverse crop growth could 




sitting in storage. Crop diversity could also bring farmers new revenue with specialty crops and help 
mitigate malnutrition caused by micronutrient deficiencies.  
One practice that has been overlooked in the literature is improved access to harvesting equipment for 
farmers. A recent, unpublished survey done by students at the Indian Institute of Technology-Bombay 
demonstrated that small-holder grain farmers view access to more suitable farm equipment as a high 
priority. Proper equipment could expedite the time it takes for farmers to harvest and thresh grains, 
thus reducing time exposed to natural elements and pests to preserve market quality. However, 
implementation of mechanized harvesting and threshing systems presents some controversy. Manual 
labor provides many jobs within rural India, as well as a sense of community, that some farmers may not 
be willing to give up.  
Since the real-world impact of each of these adaptations to mitigate postharvest loss is uncertain, it is 
critical that this issue be addressed in greater depth. The immediate and overarching goal of this work is 




This project seeks to create and evaluate a model that will simulate the production dynamics of a food 







The simulation will be developed as an agent-based model due to the dynamic and complex nature of 
food grain production. An agent-based model will allow the flexibility to simulate and observe the 
dynamics between farmers, traders, storage facilities, and the government throughout the supply chain. 
The model will be developed in MATLAB by making modifications to a previously published agent-based 
model which was used to simulate the production dynamics for bioenergy crops in the United States. 
The model will also employ the use of the optimization model, BioFeed, to simulate farm management 
and operations.  As a subset within this objective, the final baseline model presented will be calibrated 




The model will be used to observe the production dynamics of several scenarios and analyze their 
impact on postharvest loss. Analysis will include recommendations for mitigating postharvest loss of 




The third and final objective was added retroactively due to the limitations that were encountered when 
working to meet the first two objectives. This framework will provide a basic design and 




goal of this model is to learn from the limitations of the previous work in order to create a simulation 
that is a better representation of India’s grain postharvest supply chain. This framework will be detailed 
in ‘Chapter 6: Future Work’ and will require additional work to be implemented.   
                                                                                                                                                                                                                                                                                                       
1.3	Thesis	Outline		
Chapter 2 begins this work with a review of the existing literature in the field of postharvest loss, with a 
specific focus on wheat and rice in developing countries relevant to India’s production systems and 
climate to provide scope within the large body of work representing the field of postharvest loss.  The 
review examines each of the stages of the postharvest supply chain: harvesting to cut the plant from the 
field, threshing to separate the grain from the biomass, drying, storage, and processing. For each stage, 
the current state, challenges, and proposed solutions are examined. The review also describes potential 
modeling approaches for studying postharvest loss in supply chains. Chapter 3 outlines the methodology 
of developing a model to study postharvest loss of grains in India. Chapter 4 details the applications of 
the model, including scenarios for postharvest loss mitigation that were tested. Chapter 5 provides a 
discussion of the utility and limitations of this work.  Chapter 6 outlines suggestions for future work and 








Review of Postharvest Loss of Food Grains in Developing Countries 
2.1	Abstract	
This literature review seeks to identify critical areas of postharvest loss with regard to cereal crop 
production in developing countries. All levels of the cereal supply chain have issues that could 
potentially be mitigated to reduce postharvest losses, and thus recover food to increase world food 
security. Specific levels of high cereal postharvest losses are at the harvest and storage levels. Farms 
suffer postharvest losses at the harvest level of the supply chain due to inadequate machinery (harvest, 
threshing, milling) and improper timing of tasks (harvest, threshing, milling). Many postharvest losses 
occur in storage due to inadequate amount of storage, improper environmental conditions, and 
mismanagement. To a lesser extent, factors such as quality of roads, location and number of processing 
facilities, and government policies contribute to postharvest losses. Therefore, future research projects 
should study postharvest loss mitigation strategies at the harvest and storage levels for cereal grains in 
developing countries. Agent-based modeling tools could serve as a foundation for simulations to study 
the effects of changes to production system on postharvest loss.  
 
2.2	Introduction	
This literature review will review issues surrounding the postharvest loss of food grains in developing 
countries, with the goal of identifying areas for future research. By identifying the most appropriate 
areas for future research within postharvest loss, appropriate studies may be designed and conducted 




as the literature has inherent biases towards addressing wheat and rice – a result of the current policies 
in place to promote these grains. For the purpose of this review, postharvest loss will be assessed at 
various stages within the supply chain (e.g. harvesting and threshing, drying and storage, transportation, 
processing). This structure is a helpful format to address postharvest loss since each stage represents a 
distinct task necessary for moving the grains from field to market, ensuring that all possibilities for 
postharvest loss are encompassed. Details on the current state, challenges, and proposed solutions of 
each supply chain stage, as it relates to postharvest loss, will be presented. Long term, an improved 
understanding of food grain supply chain dynamics will increase the efficiency of efforts to mitigate 
postharvest losses and improve global food security. Modeling and simulation of postharvest loss 
scenarios may provide greater understanding of the dynamics of complex food systems by allowing the 
impacts of future scenarios to be explored. Therefore, this review will also identify the tools which are 
most appropriate for studying postharvest loss in the context of modeling and simulations. 
 
2.2.1	Global	Food	Security		
The need for global food security has become paramount to sustain a growing population that is 
expected to reach approximately 9 billion by 2050. As a result of this increase in population, agricultural 
production needs are expected to double in order to meet nutritional requirements [UN DESA, 2009; UN 
FAO, 2009; Godfray et al, 2010]. Some estimates are slightly more modest, expecting that food 
production needs will be only 70% greater [Tomlinson, 2013]. In the case of both scenarios, a greater 
demand will be placed on the technologies and resources needed to increase agricultural production 
using current methods. However, the increasing demand for water, arable land, and soil nutrients is 
quickly surpassing the availability of these resources.  Efforts have been made to accommodate growing 




et al, 2013]. However, even with high yields, production is often limited by the availability of water, 
viable land, and quality soil. Additionally, seed technologies must constantly compete to maintain 
efficacy against evolving pests. Changing climates only serve to exacerbate issues of increasing 
agricultural production; developing regions in particular are being affected by an increased number of 
droughts, floods, and other extreme weather events. Future strategies for enhancing food security must 
take these challenges into consideration. 
Fortunately, mitigating food insecurity may not necessarily mean allocating more water resources or 
developing new seed technologies. There is evidence suggesting modern agriculture already provides 
enough calories to feed everyone in the world 2720 kcal per day – a number which exceeds the 
suggested daily value. There is need for increased agricultural production due to immense losses that 
occur in the current system coupled with the increase in population. Unfortunately, approximately 30-
32% of all harvested food is lost or wasted globally [Lipinski et al, 2013; Gustavsson et al, 2011]. These 
losses are aptly referred to as “postharvest losses” (PHL) – the loss of edible food products that could 
otherwise be used for consumption. PHL occurs at all stages of the supply chain: production, storage, 
transportation, processing, distribution, and consumer levels. It has been proposed that extra 
production may not be necessary if current food loss rates were cut in half; excess calories could be 
produced, even with a population of 9 billion [Lipinkski et al 2013]. Currently, 5% of research 
investments investigate PHL solutions, while 95% investigate improving seed varieties and increasing 
production [Lipinski, B. et al, 2013]. However, the prospect of conserving resources has ignited a 
newfound interest in focusing efforts on mitigating PHL [CGIAR, 2013]. Reduction of PHL can increase 
available food and prevent unnecessary waste of resources such as water, soil, and fuel by optimizing 




Interest in PHL has given way to two distinct areas of research: food loss and food waste. They are 
distinct measures and are defined by the stage at which they occur in the supply chain. Food losses 
occur at the front end of the supply chain, encompassed by: pre-harvest operations (production) and 
pre-consumer, postharvest operations (harvest, threshing, drying, storage, transportation, processing) – 
see Figure 1.  Food wastes occur at the consumption level of the supply chain, i.e. distribution and 
consumption. Discrepancies in food loss and waste estimates result from application of different 
methodologies, primarily the method of measuring by weight or calories; 32% of food lost by weight 
converts to approximately 24% of all calories lost [Lipinski et al, 2013]. Additionally, PHL can also be 
described in terms of quantity or quality loss. Quantity losses can easily be measured in weight, but 
quality losses are more subjective; quality can be measured on a spectrum as it reflects nutrient 
content, aesthetic appeal, and edibleness of the food product. All measures of loss can be important for 
consideration in PHL reduction strategies; therefore, all types of food losses will be addressed in this 
review. Food wastes will not be the primary focus of this review because of its lesser relevance in the 
context of developing regions – see Figure 1.  
 






Food grains dominate global food calorie losses at 53% loss, though they represent only 19% of global 
food losses by weight – see Figure 2.  Reducing PHL of food grains will be critical to meeting the 
nutritional needs a larger global population. The world population is expanding most rapidly in 
developing regions. These also happen to be regions that depend on rice and other cereals as their 
primary source of calories. South and Southeast Asia and countries in the south Pacific can consume 
50%+ of calories from rice (> 800 kcal per day) [Nguyen, 2005; Mohanty et all, 2012].   
 
Figure 2, Share of Global Food Loss and Waste by Commodity, WRI analysis based on FAO, 2011. [Gustavsson, 2011] 
 
Fruit and vegetable crops often get much attention in the context of PHL research because they have 
the highest losses by weight (44% of global food losses) and are primary contributors of micronutrients. 
Micronutrients are an important factor in mitigating issues of hunger and nutritional deficiencies 
globally. However, issues of hunger and malnutrition are predominantly a result of insufficient caloric 
intake. Therefore, research wishing to address hunger may first focus attention on meeting caloric 




Additionally, food grains can be processed and enriched to meet demands for higher micronutrient 
content [Godfray et al, 2010]. 
 
2.2.3	Food	Security	in	Developing	Regions		
Developing regions are of particular concern for PHL because they are experiencing some of the highest 
rates of economic and population growth, in addition to the rising concern of climate impacts. Economic 
growth in these regions provides an explanation for why food production needs could as much as 
double, though the population will only increase by 34% [Tomlinson, 2013]. The ongoing development 
and urbanization of under developed regions strains global food supplies as populations continue to 
demand more food overall, as well as more high-quality food per capita [Redfern et al, 2012]. Obtaining 
self-sufficiency will be increasingly difficult for regions that already experience widespread food 
insecurity due to limited resources such as water, arable land, access to high quality seed and 
equipment, and education. Regions of particular concern are South and Southeast Asia. For example, 
Indonesia loses 200 𝑘 of arable farmland per year to industrial and residential development [Redfern et 
al 2012]. As resources become increasingly limited, some of these regions have had to rely heavily on 
imports. In some industries, such as food grain production, net exports are concentrated among only a 
handful of countries, i.e. China, India, U.S., Thailand, and Vietnam. Therefore, any subtle changes to 
production within net exporting countries will be felt on a global scale. This creates an inherent 
vulnerability in food distribution systems. Some of this vulnerability may be mitigated by strengthening 
the providing regions, making their systems more adaptive and resilient with minimal loss. It may also 
be noted that some of the vulnerabilities of the food system may be mitigated by improving self-
sufficiency of developing regions; though total self-sufficiency may not be practical since not all crops 




Relatively higher levels of food waste are observed in developed regions, while higher levels of food loss 
are observed in under developed regions – see Figure 1 [Gustavsson et al, 2011]. Acknowledging this 
regional distinction is critical for selecting appropriate research methods and mitigation strategies. This 
distinction also suggests that regions may be able to optimize their losses by learning from each other 
and adopting strategies which complement their own systems. 
Asia is the highest contributor to global food loss; Asia’s industrial and non-industrial regions generate 
28% and 23% of total postharvest losses respectively [Lipinski et al, 2013]. Within Asia, India represents 
an important nexus of challenges. It faces a growing population, urbanization, and impacts of climate 
change while under pressure to maintain its global market status. Rice production has become a key 
component in India’s economy as it advanced to the second largest exporter of rice behind China. 
However, recent calculations have shown that approximately 11-15 Mt of food grains are lost annually 
within India [Kumar, 2012]. The amount of grains lost would have provided enough food for 1/3 of 
India’s food insecure population.  India is in a critical transitional period; new policies provide more 
market access and new developments provide increased access to agricultural resources, e.g. a new 
John Deere machinery factory. But small holder farmers and consumers still face many challenges due in 
part to excessive PHL. Recent times have seen poor farmer welfare and an increase in small holder 
farmer suicides in rural India, while the rest of country continues to struggle with hunger. This 
combination of factors makes India a special case for developing strategies to balance their complex 
food system and reduce PHL. Additionally, it may be appropriate to address food demands in India by 
optimizing losses rather than increasing production due to limited resources and because many small 
holder India farmers are limited by available land, capital, and social constraints driving the use of 




To summarize, this review focuses on the issues surrounding and contributing to PHL of food grains 
within developing regions, specifically focusing on India and neighboring regions in Southeast Asia. This 
review may be used to identify strategies with the greatest potential to reduce PHL of food grains. 
Beyond the immediate goal of this review, identified strategies may serve as candidates for future 
studies with a long-term goal of mitigating postharvest losses and improving global food security 
 
2.3	Factors	Influencing	Postharvest	Loss		
Postharvest loss of grains occurs throughout the supply chain as a result of management and operations 
decisions. Addressing issues of PHL in the context of supply chain stages is useful because management 
and operations decisions are distinct for each stage. Therefore, a problem can be isolated, studied, and 
resolved within the context of only one stage. This makes the overall approach and resolution simpler by 
avoiding unnecessary complexities involved with considering the entire chain. Quantity loss of food 
grains is the most common concern in PHL research. Quantity loss may be measured by weight or caloric 
content. Figure 2 shows the various stages within the supply chain, and the percentage of quantity loss 
associated with each stage. “Traditional postharvest chains” are those that would be observed in 
developing regions where many operations are carried out manually due to limited access of machinery 
or small farm size. “Mechanized postharvest chains” are those practiced in developed regions to 
efficiently farm large row crops and other intensive cropping operations. Because production flows 
through the supply chain linearly, changes at one stage will impact later stages of the chain. Some 
changes may also have a cumulative effect, so a small change could make a large impact on the overall 







Figure 3 also illustrates quality loss in parallel with the quantity loss in the postharvest supply chain. 
Quality of food grains can be defined by genetic and acquired characteristics. Genetic characteristics 
determine the grain’s chemical characteristics, shape, size, bulk density, thermal conductivity, and 
equilibrium moisture content. Acquired characteristics include moisture content, color, purity (i.e. 
presence of foreign matter or infestations), damage, immature grains, and milling related characteristics 
[Mishra, H.N., 2012]. Genetic characteristics are defined by the type of grain selected at the time of 
sowing. Acquired characteristics are established in the postharvest supply chain and are dynamic 
throughout all stages. However, some stages carry greater influence on certain characteristics than 
others. For example, rough handling during transport may cause aesthetic degradation, or harsh 
environmental conditions may influence moisture content and subsequent microbial deterioration. 
Figure 3, Postharvest Losses in the various Food Supply Chains with respect to production in the respective supply chain 




Additionally, crops may lose nutritional quality in the postharvest supply chain due to degradation over 
time. Maintaining quality is critical to receiving optimal market prices and ensuring the safety and 
nutrition content of food products for consumers. The Food Corporation of India (FCI) has established 
quality requirements for food grains, dependent on the percentage of foreign matter, damaged grain, 
weevilled grain, and moisture content [“Quality Control” FCI, 2018]. Grains brought to market which 
exceed any of the established acceptable percentage in any category will not be eligible to be purchased 
for the minimum fair price by the FCI. Grains which do not meet FCI requirements will need to be sold to 
alternative markets. This option is less desirable to farmers because prices received at alternative 
markets may be significantly lower than the minimum fair price. Also, selling food grains to alternative 
markets is not guaranteed and is only permissible if the quality of the grain is within acceptable limits, 
defined by a grading system. The current established FCI requirements for grain quality are more 
stringent compared to alternative markets. 
Few studies have been completed to date which document food grain PHL throughout the supply chain. 
Only a small handful of these existing studies have focused on collecting PHL data for developing 
regions, such as South and Southeast Asia. Within these existing studies, estimations for postharvest 
losses at various stages in the supply chain are variable and largely dependent on the type of crop, 
region, and method of data collection. Therefore, data for losses at each stage of the supply chain for 
cereal crops is often inconsistent from study to study. Losses for cereals can be estimated as low as 10% 
or as high as 50% in various developing regions [De Lucia et al, 1994]. Extreme variations are also seen at 
individual stages of the supply chain. However, harvest/threshing and storage/drying stages consistently 
account for the highest PHL [Basavaraja et al, 2007; Bala 2010]. Data also demonstrates inconsistencies 
among grain varieties and types; in some studies, maize will have the highest PHL, while other studies 




present across studies in similar agro-climates, such as Bangladesh and India. Possible discrepancies 
result from the use of different seed varieties, land management, or different data collection methods. 
The large number of variables present in PHL studies and the natural influence of environmental 
dynamics drive the complexity of these systems.  Future work within the field of postharvest loss should 
focus on developing standardized procedures for measuring loss at individual stages within postharvest 
food grain supply chains.  
There are many factors within the postharvest supply chain which influence quantity and quality of food 
grains delivered to market. This section will present details on the current state, challenges, and 
proposed solutions associated with postharvest loss for each stage of the food grain supply chain in 
developing regions. It will also consider factors beyond supply chain management that contribute to 





For the purposes of this review, harvesting and threshing stages of the supply chain will be discussed 
together. Harvesting and threshing of grains are distinct stages of the supply chain, with data being 
collected individually for each and with a lapse of time occurring between the stages. However, it was 
found that the PHL rates, challenges, and proposed solutions for the two had significant overlap; they 




Harvest is the first stage of the postharvest supply chain. Losses at this level are estimated anywhere in 
the range of 0.68-8.3% [Bala, B.K., 2010; Kahn, M.K. et al, 1997]. The harvest stage involves cutting the 
crop, manually or mechanically, to separate it from its roots. Threshing, the second stage of the supply 
chain, is the process of separating the grain from the plant biomass. Losses at this level are in the range 
of 0.65-10.19% - see Table 1. Although they are typically measured separately, threshing and harvesting 
may be discussed together in the context of postharvest loss because it is ideal to thresh the grain right 
after it has been harvested. Coupling harvesting and threshing, as in mechanized systems, serves as a 
convenient way to minimize the time between these operations [Sajwan, K.S. et al, 1993], which in 
turn allows grains to move to drying and storage stages more quickly, in order to optimize grain quality 
by reducing grain exposure to pests, disease, and molds. Because coupling is ideal, many developed 
regions implement the use of combine harvesters – which harvest and thresh cereal crops 
simultaneously. In developing regions, farms are much smaller leaving less room to navigate large 
combines. Additionally, small farms of developing regions have less capital to invest in combines and 
other harvesting equipment. As a result, approximately 70-90% of wheat in developing regions is 
currently harvested and threshed manually – a labor intensive and time-consuming task [Baloch, 1999]. 
Also, harvesting and threshing are often discussed simultaneously due to their similarity in being on-
farm operations which can be performed manually or mechanically. Thus, they face some of the same 





Stage / % Loss  Rice  Wheat  Cereals 
(general)  
AVERAGE  
Study # 1 2 3 1 3 4  
Harvest  7.7 0.68, .97 1-3 8.3 0.77 6 3.5525 
Threshing  10.02 3.79, 
4.06 
2-6 10.19 0.65 - 
5.244286 
Drying  15.41 - 1-5 15.28 0.62 - 7.462 
Storage 23.11 - 2-6 21.99 1.54 7 10.27333 
Transportation 13.05 1.06, 
1.56 
2-10 14.82 0.09 - 
6.082857 
Processing  .42 - 1.13-1.3 .46 - 3.5 1.362 
 
Table 1, Literature Values for % Postharvest Loss at Each Stage in the Supply Chain. [1 - Basavaraja, H. et al, 2007; 2 - Kahn, 
M.K. et al, 1997; 3 - Bala, B.K., 2010; 4- Gustavsson, J. et al, 2011] 
 
Challenges	
The primary challenges for reducing PHL during harvesting and threshing include: optimizing harvest 
date, minimizing time between harvesting and threshing operations, optimizing grain quality, and 
uncontrollable weather.  
In India, harvest dates are predominantly influenced by the market value of food grains [Lipinski et al, 
2013]. Fluctuation in market value can negatively impact postharvest losses by encouraging harvest 




require an optimal amount of time to reach maturity in the field; this length of time varies marginally 
depending on weather conditions such as rain and sunlight. In India, optimal yield for rice is achieved at 
approximately 32 days of maturity – for both wet and dry seasons [Sajwan et al., 1993]. Harvesting 
grains outside of the optimal harvest window can compromise the quality of the grain and thus the 
selling power at market. Grain quality is a function of many attributes, as previously mentioned, such as: 
physical appearance (size, shape, color, damage), maturity of grain, moisture content, nutritional 
content, etc. [Mishra, H.N., 2012]. Unsold crops may count towards postharvest losses if they are not 
repurposed for on-farm consumption or livestock feed. 
Crops may be harvested too early due to high market prices; farmers harvest in order to move their 
crops to market faster and optimize profits. Crops may also be harvested too late as a result of farmers 
waiting for market prices to increase, or as a result of weather conditions i.e. fields are too wet. In 
addition to the influence of market prices, the time of harvest is dependent on the efficiency of labor 
and machinery available for harvest. Cereal crops may also be left un-harvested in the field. Due to low 
market values, they may not be worth the time and labor to harvest. This is especially true for small-
holder farms that already face low profit potential. Small-holder farms make up the majority of farms in 
developing regions. Some farmers choose to harvest when crops are mature and store them until 
market values increase. However, this may not be possible due to storage limitations (see section 2.3.2 
Storage). Un-harvested crops which were grown and had the potential to become edible food products 
contribute to PHL [Lipinski, B. et al, 2013]. 
It is also important to consider optimal sowing dates as these will influence post-harvest operations such 
as harvesting window and yields. For example, research for wheat shows that the optimal sowing 
window is during the first two weeks of November [Randhawa et al., 1981]. Farmers struggle to plant 




are three distinct agricultural seasons in India: Kharif (July-October, during monsoon season), Rabi 
(October-March), and summer or Zaid (March-June). The majority of cereal crops are grown during the 
Kharif and Rabi seasons. The sowing season varies slightly depending on the region and some seasons 
can overlap. This overlap can delay the sowing of grains specifically due to the harvesting and tilling 
required after the preceding season. For each day that sowing is delayed for wheat, potential yields 
decrease by 0.8-1.5% [Randhawa et al., 1981; Ortiz-Monasterio et al., 1994; Aggarwal and Kalra, 1994]. 
This loss in potential yield does not count towards PHL. However, consideration of sowing dates may still 
be valuable in PHL research because they influence harvest windows. Also, in turn, the efficiency of 
postharvest operations will influence the ability to sow during optimal windows and maximize grain 
production.  
The extra labor and time to harvest and thresh crops manually can impose challenges to farmers, such 
as compromising the time, duration, and efficiency of harvest. These challenges result in unnecessary 
postharvest losses. This has influenced a movement towards mechanized operations. However, many 
farmers in developing regions currently operate outdated machinery, machinery that is not optimally 
suited for their land, or may have no access to machinery at all in the case of manual harvesting and 
threshing. The type of machinery used to harvest impacts the quality of the grain as well as the time it 
takes to harvest. Mechanized techniques can greatly reduce the time to harvest and thresh grains and 
can also provide the option to couple these operations. This reduction in time can shorten the duration 
for which grains are exposed to pests and elements while they are waiting to be harvested or threshed. 
Mechanized techniques can also ensure that grain is harvested at optimal moisture levels by harvesting 
quickly; moisture levels can be dynamic and may change between the start and end of harvest if the 
process is prolonged.  Overall, mechanized techniques can help farmers optimize harvest date and 




However, manual harvesting and threshing may produce higher quality grain by shattering fewer grains 
and minimizing damage. Manual harvest also ensures jobs for rural people and migrant workers and 
provides opportunities for community involvement. The differences between mechanized and manual 
operations present a challenge to find the balance which optimizes harvest quantity and quality. This 
challenge must be overcome by finding the most efficient use of knowledge, capital, available labor, and 
machinery. The optimization of these operations will be increasingly challenging because it must be 
adjusted from season to season to account for changes in weather and market values.  An optimal farm 
management plan must also consider social factors, such as the use of rural and migrant labor[Lanjouw, 
2004; Aggarwal, 1973; Praweenwongwuthi, 2010]. 
 
Proposed	Solutions		
PHL at the harvest stage is not currently being addressed widely in research. As a result, there are a 
limited number of proposed solutions for mitigating problems of timely harvest and access to more 
efficient machinery. However, some strategies from government reports and farmers themselves have 
been discussed. This section will review cited strategies that have been proposed, as well as some 
discussion surrounding the implications of each strategy.  
The Food and Agricultural Organization of the United Nations (FAO) suggests using agricultural extension 
to educate farmers on methods to determine the optimal harvest window for their crops. The success of 
such extension programs will depend on farmers’ social networks and the transfer of information. It 
should be considered that selecting the proper start time for harvest may not have a large impact on 
PHL if the duration of harvest is long due to manual operations; the quality of grains – particularly 
moisture content – can be dynamic during this time [Lipinski, B. et al, 2013]. Also, providing farmers with 




critical role in influencing harvest. Additionally, late sowing dates may prevent grains from reaching 
maturity by the FAO’s designated optimal harvesting window.  
Late harvest can be caused by late sowing. This can cause farmers to fall into a cycle where all 
subsequent farming operation and seasons become delayed. Unlike dynamic grain markets, farmers 
have greater control over sowing dates. Late sowing dates can be caused by inefficient harvesting and 
field preparation from the preceding season. Fortunately, late sowing (and by association, late harvest) 
may be mitigated using zero or reduced till sowing methods. Zero or reduced till methods eliminate the 
need to prepare fields for sowing after previous harvests. Therefore, sowing can be expedited by 2 
weeks up to 1 month [Erenstein and Laxmi, 2008; Lobell et al., 2012]. This strategy could provide 
farmers with more flexibility to optimize harvest windows. Additionally, none of the literature to date 
has explored for the potential to expedite sowing by adopting mechanized harvesting in preceding 
seasons. Furthermore, mechanized harvesting coupled with zero or no till sowing methods may provide 
an efficient turn-around strategy between seasons and enable optimal harvesting.  
Increasing diversity of crops has also been proposed as a means to mitigate PHL [Panneerselvam, 2011; 
Lipinski, B. et al, 2013]. Having several shorter harvests throughout the year, rather than one long 
harvest, has the potential to reduce PHL that occurs from quality degradation of long harvests. By 
planting several crops rather than a monoculture, farmers would also have the flexibility to stagger 
harvest windows and spread out harvest over the year. If fewer crops are harvested at a time, fewer 
may be wasted in storage. The Storage section of this paper will further elaborate on the inadequate 
storage space available in India. This approach may be appealing to farmers since diverse, organic 
cropping systems have been shown to reduce input costs, maintain yields, and increase profits from 
specialty crops [Panneerselvam, 2010; Singh, 2012]. Appealing to farmer interests is a critical 




focusing on drought resistant varieties which have increased resistance at different times throughout 
the season. Though, it is important to consider that application of new crop varieties may require 
additional equipment and possibly additional skilled labor [Redfern, 2012].  
One problem is PHL from un-harvested or unsold grains. Suggestions have been made to repurpose 
these grains. Improving donation or processing of unmarketable or lower quality grains that would 
otherwise be left in the field could reduce PHL by putting more food back into the supply chain; it is 
important to consider that suggestions such as donations may still result in financial loses for farmers, 
no different than if they had left the grains in the field [Singh, 2001]. 
Surveyed farmers have requested better access to harvesting and threshing machinery. Formal contract-
harvesting or contract threshing may provide options for farmers to gain access to this machinery, 
though this solution has not been proposed in PHL literature focusing on India. It is worth noting that 
contract harvesting is distinct from contract farming, which would not be feasible in rural regions due to 
high associated costs [FAO, 2018]. The scale of the farms must also be considered when determining the 
feasibility of increasing mechanized operations; combine harvesting on a small scale causes more loss (in 
terms of quality and quantity) than manual harvesting. In contrast, the use of more mechanized 
operations on a large scale could increase high quality grain production and harvest beyond the capacity 




As stated in the previous section, drying and storage levels of the supply chain will be discussed 




individually for each and with the operations occurring in different locations in many instances. 
However, it was found that the PHL rates, challenges, and proposed solutions for the two had significant 
overlap. So, they are grouped here for ease of discussion.  
Drying is the third stage in the supply chain, after the grain has been harvested and threshed. Drying is 
the process of removing excess moisture from the grains in order to prepare them for long term storage. 
Moisture content for rice is approximately 20-25% at the time of harvest [IRRI, 2018]. This range 
provides the optimal moisture content for grain harvest because it prevents the grain from being too 
wet or too dry which could diminish grain quality or increase grain shattering during harvest, 
respectively. The optimal moisture content for harvest is much higher than the optimal value for grain 
sale and storage – less than 14% moisture [NIC India, 2018; Proctor, 1994]. Therefore, food grains must 
undergo a separate drying step to reduce moisture levels by 6-11% in order to prevent spoiling during 
storage.  In India, drying of food grains is most commonly carried out using sun drying techniques; grains 
are laid in the sun to dry for 2-3 days [United States Peace Corps, 1980]. Alternatively, the Food 
Corporation of India provides drying facilities at the trading markets. However, on-farm drying is favored 
over the use of government drying facilities. Postharvest losses can occur during the drying stage due to 
pest infestations or environmental damage associated with open air drying. A primary concern 
surrounding postharvest losses during the drying stage is the influence of improper drying on storage 
losses. PHL at the drying level is estimated at 1-15.41% loss from total grain produced [Basavaraja, 
2007]. Unfortunately, literature discussing drying in the context of postharvest loss is limited at this 
time. Some studies analyzing PHL throughout the supply chain even neglect the drying stage altogether 
and consider negative impacts of improper drying as losses during the storage stage.  
Storage is the fourth stage in the supply chain, succeeding the drying stage. Within India, storage of food 




provided by the Rural Godown Scheme (RGS, also known as the Gramin Bhandaran Yojana), Private 
Godowns, and through on-farm storage. The FCI handles the majority of India’s food grains as part of 
the country’s welfare distribution program outlined in the National Food Security Act of 2013. The FCI 
has a food grain storage capacity of 64 million tones – including covered storage for 46.5 million tones 
[NCG, 2012]. The available capacity for storing food grains is important to consider as India continues to 
increase grain production beyond their maximum storage capacity. This has forced many food grains in 
to uncovered storage, increasing exposure to pests and natural elements leading to additional 
postharvest loss. Due to limited government storage, private, cooperative storage, and on farm storage 
methods are more common among grain farmers; as much as 70% of grains are now stored on farms 
[McKee, 2015]. India and other developing regions also suffer food grain losses due to the lack of 
environmentally controlled storage facilities. Subjecting food grains to extreme environmental 
conditions can lead to degradation of grain quality.  PHL at the storage level is estimated in the range of 
2-23.11% loss from total grain produced [Rao, 2003; Ahuja, 2010]. 
Food grains can therefore suffer quality and quantity losses during storage, and the extent of these 
losses varies largely depending on the storage method used. There are a wide variety of storage 
methods currently being practiced in developing regions [Hosakoti, 2011 & 2013; Ahuja, 2010; 
Bokusheva, 2012; Baloch, 1999], including:  
1. Metal bins (a partially vented metal storage bin) generally have some of the fewest losses and 
lowest costs.  
2. Metal silos (a hermetically sealed metal storage structure) have high initial capital investment 
required, though the infrastructure can last up to 15 years. Silos can store cereals safely for up 




developing regions with limited access to fuel and resources. Silos prevented loss to a much 
greater extent compared to the ubiquitous plastic bags.  
3. Traditional Gunny or Jute bags are sacks made from natural fibers, such as hemp, and are a 
traditional method of storage. They have no lining and are thus easily subject to pest infestation 
[Baloch, 1999]. 
4. Modern Gunny or Jute Bags are an updated plastic version of the traditional bags. They are 
made from polypropylene, or a variation is a traditional gunny bag lined with a polythene sheet. 
Multi layered gunny bags can increase abilities to keep out pests or suffocate any pests that 
were already on the crops. These types of bags have a higher manufacturing cost than 
traditional bags and are difficult and expensive to distribute across rural regions. The high 
associated costs could potentially be lowered with government tax reduction or subsidies.  
5. Fertilizer bags are a cheaper and more prevalent substitution to the gunny bag. These bags 
present additional hazards because of chemical cross contamination with edible food products. 
6. Underground storage is a traditional storage method which suffers from high losses. 
7. Some storage methods – i.e. evaporative coolers and plastic crates – have been carried over 
from other crop varieties, such as produce, and are less effective for cereal crops.  
8. Pucca koti is most preferable for farmers and has comparable losses to gunny bags.  
While data are inconsistent across literature, there is some consensus that pucca koti, gunny bags, and 
metal bins compete for lowest losses and are thus the most effective food grain storage methods. It is 
also important to note the inconsistency of vocabulary used to categorize storage methods across 








Challenges posed to storage of cereal crops can be divided into anthropogenic and natural. 
Anthropogenic challenges pose several problems to adequate storage of cereal crops in developing 
regions including the mismanagement of government storage facilities and the lag in available storage 
capacity. Natural challenges as they relate to the storage and drying of grains include detrimental effects 
of climate change and pest infestation.  
Mismanagement of government storage facilities greatly impacts PHL in developing regions. Storage 
facilities are not maintained under the proper environmental conditions, resulting in quality degradation 
and quantity loss. Insufficient technology to prepare grains for storage by drying and cooling properly 
exacerbates losses in storage. Unfortunately, the FCI has also faced problems of mismanagement in 
their storage facilities associated with misplaced grain or grain leaks, which has led to additional losses. 
Due to mismanagement, new technologies are being implemented to track grains and reduce leakage 
from government facilities. However, very little is currently being done to address environmental 
conditions and grain quality at both the government and farm level, apart from the FCI providing drying 
facilities to grain markets.  
Sufficient storage capacity has not been developed in India to accommodate the recent increases in 
production. As a result, rice left in uncovered storage succumbs to pests and spoilage. Inadequate off-
farm storage capacity leads farmers to have to store rice on site. Some farmers lack the resources to 




capacity is further strained by large quantities of crops harvested at one time due to higher incidences of 
mono-cropping of food grains in developing regions; for example, rice harvest in the fall pushes wheat 
out into open storage [Dutta, 2012]. 
Natural challenges can be more difficult to anticipate, study, and prevent than anthropogenic ones. A 
challenge widely observed in literature is pest infestation during drying and storage. Infestation by 
various species of rodents, birds, insects, bacteria, fungi, and molds can result in quality and quantity 
loss [Baloch, 1999]. 
The impact of climate change is a challenge that is especially taxing on developing regions. Regions, such 
as India, are expected to see higher frequency of flooding, droughts, and other extreme weather events. 
This will impact PHL at the storage level – as well as during planting, development, and harvest – since it 
is at these levels that crops are stationary and especially vulnerable to environmental conditions. 
Additionally, changes in weather patterns may also negatively impact the frequency of pest problems 
discussed previously [Mirza, 2003]. 
 
Proposed	Solutions		
Storage is the supply chain stage that has been most widely addressed in literature. It also receives the 
most attention in government and non-profit organization approaches to PHL mitigation. The following 
outlines some of the proposed or recently implemented solutions:  
Providing farmers with better access to cooling and drying options for grain will prevent losses at 
storage facilities. This is an approach taken by the FCI which provides farmers with access to mechanized 




Providing additional processing options for food grains to reduce the time that crops sit in storage (see 
section 2.3.4 for further details).  
Encouraging farmers to grow crops that are harvested at different times in the year may prevent back-
up in storage, which is a current result of popular mono-cropping systems. Government policy and 
incentives can be used to promote poly-cropping. Additionally, extension services and education about 
poly-cropping systems could improve farmers’ willingness to adopt these practices, which have been 
shown to be more productive than some mono-cropping systems [Singh, 2012; Panneerselvam, 2010]. 
Increased pest prevention management methods through chemical or traditional methods could 
mitigate some of the issues brought on by long storage duration for cereals. Some traditional methods 
of pest prevention include neem leaves, sun drying, and mercury [Baloch, 1999]. 
Diversifying the available storage and ownership options could help alleviate some of the strain put on 
government storage facilities. Storage ownership options include:  
‒ Increasing government storage capacity including covered and uncovered storage. This 
approach is often subject to technology, space, and management challenges. Additionally, 
social and cultural customs can influence management practices, locally and at the 
government level.  
‒ Increase cooperative and community storage options. This approach would require 
investment by government or private industry to build community storage facilities. More 
ownership is given back to farmers and thus farmers may be encouraged to sell more grain 
rather than storing on-farm for personal consumption.   
‒ Increase access to private owned storage for farmers.  Similar to many storage solutions, 




locally or on-farm would reduce interaction with middle man – farmers and Mandi traders in 
most cases. Private facilities would also reduce transport and handling costs. Literature and 
attempted solutions demonstrate that simple methods (such as those that can be easily 
distributed to farmers) are often more successful than implementing large infrastructures 
[Kitinoja et al, 2010]. 
To date, drying has received little attention throughout the literature. Therefore, there are few 




Food grains undergo many phases of transport: on farm, between markets, between storage facilities, 
and ultimately distribution. Losses can occur due to unfavorable environmental conditions in prolonged 
transport. Losses also occur simply due to loading/unloading and improper containment of grains on a 
transport vehicle. Some losses may also be attributed to inefficient road systems; roads may not be 
paved smoothly and drivers may lose additional grains, or road networks are not well established and 
discourage efficient transport of grains [Godfray, 2010; Gustavsson, 2011]. The type of transport used 
varies widely, with most agents using whatever means of transport is most accessible, although this is 
not well documented. Some studies choose to address transport as a whole, while others take the 
approach of calculating transport losses individually for each transport phase, i.e. farm level, retailer, 
wholesale, processor. PHL at the transportation stage is estimated in the range of 1.06- 14.82% of total 






Currently, on-farm transportation suffers the highest transport losses due to inadequate access to 
machinery. There currently exist 2 options for on farm transportation of grains: tractor and the bullock 
cart. The bullock cart results in lower losses than the tractor. However, access to bullock carts requires 
more capital investment from farmers [Hosakoti, 2011]. 
Additionally, inadequate access to transportation at the retail level restricts access to markets, and thus 
the ability of farmers to sell their grains. Poor road infrastructure within developing regions has also 
contributed to difficulty transporting grains between supply chain stages [Godfray, 2010]. 
 
Proposed	Solutions	
Transportation of food grains is not widely addressed in current PHL literature. However, a couple 
solutions have been implemented.   
Increased access to adequate transportation equipment (tractors and carts) will likely mitigate most of 
the on-farm losses. John Deere has currently established a factory in India to design small tractors for 
use on small-holder farms.  
Better roads have recently become established via government intervention. Therefore, farmers should 
begin to gain more access to markets and move their grain more quickly – reducing the amount of grain 
currently going to waste.  
Due to the primary transportation problems currently being addressed, few additional solutions are 






Transport of crops to market is not currently the farmers’ responsibility throughout the majority of the 
supply chain. It has been stressed in the literature that the focus of future PHL work should have 
particular emphasis on producer perspectives and on methods close to the farm-level. This may explain 
why the issue of transportation has taken low priority in comparison to some of the other present 
challenges.  
When considering other agricultural products, besides cereals, transport challenges may be more 
appropriate for consideration, e.g. development of cold chain methods for transporting dairy, meat, and 
produce.  These supply chains will face a higher relative loss in transportation than food grain supply 
chains due to strict environmental and energy demands.  
Because losses due to transportation accumulates throughout the supply chain, and do not occur at one 
single stage, it is much more difficult issue to address on a wide scale in a way that would significantly 




High levels of PHL during the processing stage are more typical of produce production systems, rather 
than food grains. Estimates of losses due to processing for grains in developing regions can vary from 
negligible to 3.5% [Bala, 2010; Basavaraja et al, 2007]. Primary “processing” for cereals is through drying, 
which is addressed separately. Some light processing may occur, such as in the case with vitamin 
enrichment of grains. High level processing of grains is not currently a common practiced in developing 




specifically in the case of Archer Daniels Midland who is being allowed to process cereals in India. This 
has the potential to greatly increase the processing capacity of cereals in India. Therefore, it is important 
to consider PHL of grains at the processing level in the context of future applications.  
 
Challenges		
There are few challenges of reducing PHL during the processing stage for developing countries since 
very few facilities currently exist. Therefore, no common practices have been established.  
The primary focus surrounding processing and the potential to reduce PHL involve using processing as 
means of providing another avenue for food grains apart from storage and direct sale. Increasing the 
proportion of cereals that go to higher level processing could reduce government involvement between 
production and distribution levels. This may help to reduce PHL by preventing reducing the number of 
grains sitting in government storage facilities, being subject to quality degradation and mismanagement.  
Very few processing facilities are currently available for food grains in developing regions. However, 
there has recently been an increased presence of processing facilities in India due to changes in policy. If 




Very little is currently being studied around optimizing processing operations, and instead PHL solutions 
are focusing on increasing access to processing facilities for food grain farmers in developing regions. 







In the context of designing resilient production systems and supply chains, developing regions are 
among those that will be challenged the most by climate change [Beddington et al, 2012]. Climate 
change is expected to cause a 3.8% decrease of production in Southeast Asia [Matthews, 1997; Zhai, 
2009]. This decrease in productivity would be the result of climate change on increased heat and water 
strain on crops, as well as loss of arable land due to droughts and heat waves, rising sea level, increased 
number of tropical storms and flooding. Such changes to the climate have the potential to affect all 
stages within the supply chain [Redfern, 2012]. Particularly, yields may be reduced, harvest operations 




Currently, the primary destination for most food grains is the Food Corporation of India (FCI). The FCI in 
turn distributes the grains for welfare purposes via the Public Distribution System. Government policy 
does not share the same transparency as some of the other PHL factors. For example, it is difficult to 
ascertain the precise reason why some grains are often subject to rotting in government storage 
facilities. Policies play an important role in shaping farm operations despite their relative invisibility. 
Some of the possible effects of government policies on PHL include:  
- Limit the number of transactions that can take place by placing a ceiling on land holding. This 
may disturb the distribution of resources (allocating more land to fewer more efficient 




- Enabling or restricting export/import allowances  
- Can determine processing companies allowed, how many  
- Distribute fund to farmers (loans, subsidies), small scale rural farmers don’t have the resources 
to invest in proper equipment, seed, water [Redfern, 2012] 
- Provide management or mismanagement of postharvest crops 
- Influence the immigrant population levels (often farm workers handling postharvest crops)  
- Drive the cultivation of food grains since these carry a minimum fair price, for which farmers can 
collect with economic constraints  
 
Social	and	Economic		
Food culture and demands evolve as developing regions increase development, urbanization, and per 
capita income. This evolution is often towards increased demands of meat and dairy. The demand for 
more meat and dairy could increase livestock production and provide a greater outlet for certain grains 
left in fields or affected by contamination. Such changes may reduce PHL by converting low quality, 
unwanted grains to edible calories.  
The influence of culture on labor and management practices appears to have a negative impact on PHL 
rates. There is a tendency towards the use of manual labor during postharvest operations in order to 
provide family and friends with a means of work and income – a very community-based culture. This 
tendency towards manual labor may be increasing PHL because rates of loss in manual postharvest 
operations such as harvesting and threshing are higher compared with their mechanized counterparts. 




postharvest loss) but they can be restrictive to maintaining timely schedules for postharvest operations. 
For example, the use of manual labor to harvest will result in longer total harvest duration. This increase 
in the time that crops are left in the field awaiting harvest puts the crops at further risk for loss due to 
damage from pests and weather.   
Other	Considerations		
The literature provides some suggestions to guide future PHL studies aside from strategies for 
mitigation:  
‒ Future studies should emphasize small-holder famers in India as a primary stakeholder by 
prioritizing their interests [Miyata, 2009; Gustavsson, 2011]. 
‒ A proposed practice is more likely to be adopted long term when the stakeholders take an initial 
interest. This indicates that the importance of machinery access to surveyed farmers should be 
addressed as a valid concern, and an opportunity to propose bottom-up mitigation strategies for 
PHL [Kitinoja, 2010]. 
‒ Resolving some issues at the production and harvest level may mitigate issues further down the 
supply chain (e.g. issues at the storage level).   
 
2.3.6	Summary	of	Factors	Influencing	Postharvest	Loss		
There have been few studies that have attempted to quantify the PHL of food grains in Southeast Asia. 
Estimation of losses throughout the supply chain varies greatly among these studies, making it difficult 
to identify and strategize against the source of losses. There is some consensus that many losses are 
occurring within storage and that policy and farm management practices play critical roles in mitigating 




postharvest loss data for India, suggests that the production and distribution of food grains is complex 
and requires further analysis. 
The first stages of the food grain supply chain in developing regions are harvesting and threshing. 
Challenges within these stages include factors which farmers have minimal to no control over, such as 
weather, market value, and available capital.   
Additionally, the drying and storage stage will require particular attention in future studies given the 
challenges of managing grain quality in facilities lacking environmental control which will face climate 
change impacts. This stage is increasingly complicated by anthropogenic and social factors of 
mismanagement at government facilities.  
There has been some government and policy intervention at transportation and processing stages of 
food grain supply chains. Therefore, these stages have taken a lower priority throughout the literature.  
Overall, many of the solutions proposed require additional capital investment. Due to capital restrictions 
of small-holder farmers in developing regions, it will be important for future studies to identify the 
optimal approach for mitigating PHL with the available capital.  
The findings of this review have been summarized in Table 2 and grouped by supply chain stage. For 
each stage, Table 2 details the documented estimates of percent PHL, current challenges, proposed 






Table 2, Summary of Postharvest Loss for Supply Chain Stages 
Stage Harvest & Threshing Drying & 
Storage  
Transportation Processing 
% Loss Ranges 
from Literature  
Harvest: 0.68 - 8.3  
Threshing: 0.65-
10.19 
Drying: 1 - 15.41 
Storage: 2 - 
23.11 
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As previously stated, the modeling and simulation of postharvest loss scenarios may provide greater 
understanding of the dynamics of complex food systems by allowing the impacts of future scenarios to 
be explored. Identifying appropriate simulation frameworks will be key in pursuing work to model future 
scenarios for postharvest loss mitigation. The ideal framework should accommodate a complex and 
dynamic model with human and environmental components, as well as multiple stakeholders (e.g. 
farmers, government agencies, traders, contracted agents). In addition, it would be beneficial for the 
framework to address the following key components currently absent from the body of postharvest loss 
modeling work [Kitinoja, 2011; An, 2012]: 
‒ Address loss from producer perspectives 
‒ Approach to post harvest loss as a system over time is needed, using multi-agent systems and 
participatory approach  
‒ Longer project cycles (extend typical 2-5 year cycle to a 10-year cycle)  
‒ Address farmers as business agents  
‒ Process-based decision models & protocols 
Another component essential for structuring insightful postharvest loss models is data. Many developing 
regions, including India, are lacking in reliable and comprehensive data that would typically preclude the 
development of such a model as described above. This section aims to provide a succinct overview of 
data access and promising model frameworks for future development of postharvest loss models for 





Having accurate empirical data on PHL at various levels of the supply chains, for many regions, and many 
crop applications is key to developing an accurate model. Optimization models may require large data 
sets that serve as direct inputs into the model [Meijer, 2011; Qing-song, 2010]. Simulation models may 
require large data sets to calculate accurate approximations for parameter inputs. In both scenarios, a 
model can only be as good as the available data. Additionally, at the backend of development, data are 
desirable for verifying a model (i.e. tests of stability) and ultimately model validation – comparing a 
model’s results against real world data. Efforts are currently being made to collect PHL data [Hojjat, 
2013; Basavaraja, 2007]. However, collecting this data can be difficult in the context of “traditional 
postharvest supply chains”. Scenarios where small holder farms are most prevalent can present barriers 
due to the sheer number of locations at which data would have to be collected, and the resources 
available to do so. Collecting PHL data in mechanized supply chains is often easier due to the fact there 
are fewer number of transaction points (though a larger amount of product is being moved through the 
supply chain) [Widener, 2013]. As a result, available data on PHL is currently limited for south/southeast 
Asia. In these developing regions, there are two standard approaches to data collection [An, 2012; 
Miyata, 2009]: 
1. Surveys. They are not widely implemented and do not have good representation as a result. 
Those that have been implemented may only survey 10 individuals at a time. Surveys can be 
very region-specific – though it may not be a region of interest.  
2. Government reports. They often lack a description of methods, making it difficult to tell if the 
methods are valid and appropriate for a given application. Many generalizations are made 
which may negatively impact overall accuracy. The data from these reports may not be specific 






Agent Based Models (ABMs) are the most prevalent tool for modeling coupled nature and human 
systems (CHANs) [An, 2012]. CHANs is the umbrella term given to models which require the integration 
of human and environmental components, e.g. interactions between farmers/processors/policymakers 
and production land/water systems/climate change. Postharvest supply chain models fit within the 
umbrella of CHANs due to their ability to model interaction between farmers and their harvest. ABMs 
are capable of integrating the many stakeholders which are present in postharvest supply chains 
(possible new stakeholders at each stage within the supply chain). Each stakeholder, or agent, is 
represented as an independent decision maker within the dynamic system; they contribute their own 
biases driven by their individual goals, and biases within one agent can be represented on a spectrum to 
provide great resolution to the simulation. Agents within the ABM are subject to agent-agent 
interactions; the flexibility of ABMs to model social traits and independent behavioral traits makes these 
simulated interactions possible. Independent (psychological) and social (sociological) decision making 
capabilities are made possible by integrating empirical data or by employing decision making theories in 
the form of mathematical models [Shastri, 2011]. Additionally, ABMs are designed to be statistically 
parameterized and adaptive [Brady, 2012]. Having the ability to be adaptive is one advantage to using 
ABMs, because they are often expanded to model new, related scenarios or reworked to integrate 
outside models – e.g. Shastri’s ABM integrates the optimization model, BioFeed [Shastri, 2011]. The only 
limitation to applying ABM in PHL analysis is that there is not protocol currently established for 
modeling behavioral changes of agents over time. Future PHL modeling should consider effects of 
mitigation strategies over periods of at least 10 years. Therefore, development of an appropriate 




using ABM approaches include: difficult to validate, data collection is time consuming, limited power at 
a spatial scale [An, 2012]. 
 
2.4.3	Secondary	Tools:	Game	Theory,	Econometrics		
While the use of ABM is paramount in the study of CHANs, several alternative modeling options exist.  In 
general, they are limited by their capacity for accurate future simulation, especially in the realm of 
adaptive decision making.  
Game Theoretical Models may present a promising approach to studying food systems involving 
farmers, and other key decision-making stakeholders. Game theory models serve as appropriate tools 
when it is necessary to analyze decisions of one key stakeholder, when the behavior of related 
stakeholders in the system is unknown. Applications could involve farmers making decisions about land 
or pest management, best time for investment, store vs. sell harvested crops, and many similar 
scenarios [Agrawal et al, 1968]. These types of models seem to be most useful in applications where 
studying the economics, markets, or policy decisions are key.  Consideration of game theory models 
related to agriculture applications appeared several times in the 1960s but does not show much 
popularity in research after that time [Agrawal et al, 1968; Dillon, 1962; Walker et al, 1960]. The 
limitations of applying Game Theory models in agriculture is not discussed, so it is unclear why 
application of Game Theory is not more prevalent. They may not be applicable for modeling large, 
complex food production systems – where market or policy is just one component. However, Game 
theory models could potentially serve as a complementary tool to be used with other models.  
Economic and statistical models are used to assess aspects of production related to investment, loans, 




models for farmer participation estimates, ordinary least squares for farmer income estimates, 
treatment effects to correct for selection biases, and the Von Norman-Morgenstern Utility Model to 
assess risk preferences [Miyata, 2009; Qing-song, 2010]. Analysis by these models is limited compared 
to previously discussed approaches. They generally require a substantial quality input data and can only 
analyze situations that have already occurred. They are also limited in their capabilities to identify 
multiple selection biases; often complex systems will have opportunities for multiple biases such as 
contracts, locations, etc. [Miyata, 2009]. The primary barrier to using these models in agriculture and 
PHL analysis is that they cannot create new hypothetical situations (simulations). There is not currently 
much data available to analyze PHL efforts in depth. Also, most PHL modeling is done with the intentions 
of looking towards future planning. Therefore, models that do not possess simulation capabilities should 
not be considered for projects looking to predict future outcomes. Economic models are also limited in 
their capacity to model heterogeneity among stakeholders and model decision making from the bottom 
up (i.e. locally interacting farms competing for land) so that emergent properties of the system can be 
analyzed at an aggregate level such as the region or landscape [Brady, 2012]. 
 
2.4.4	Summary	of	Modeling	Tools		
Many approaches to PHL studies currently require access to historical data. This data does not currently 
exist or is inadequate for the study of many developing regions. Simulations can provide an appropriate 
approach to studying PHL until protocols can be developed and implemented for collecting consistent 
data across these regions. Agent-based modeling approaches provide a platform for performing 
complex systems simulations. The literature has demonstrated the increasing complexity for food grain 
supply chain systems in developing regions, composed of many dynamic factors including social, 




Therefore, the agent-based modeling approaches are most aptly suited for the study of potential PHL 
mitigation scenarios.  
 
2.5	Summary	of	Literature		
Though many challenges persist for PHL in the supply chain, the harvest/threshing and storage/drying 
levels currently have the highest incidence of loss. Additionally, very little research has been done at the 
harvest level, which may suggest room for increasing understanding and exploring new mitigation 
strategies. Agent-based modeling approaches are the most prevalent for simulating and studying 
complex systems, such as those encountered by postharvest supply chains and food grain production. 
Such approaches will also enable the incorporation of weather, social, and economic considerations – 














Agricultural production systems are complex in nature, involving the dynamic decision making of many 
stakeholders based on quantitative and qualitative data. In the context of this work, key stakeholders 
include farmers, grain biorefineries, government agents, and trade agents who participate in the grain 
production supply chain in India.  The challenge of this work is to accurately simulate the individual 
behavioral aspects of these stakeholders and the system as a whole. There are several tools currently 
used to model post-harvest loss scenarios: network theory, agent-based models, and optimization 
models (see the Literature Review for further discussion).  
Agent-based models (ABMs) have previously been demonstrated to be useful tools for modeling 
similarly complex and adaptive systems. Also notable is the ABM’s inclusion of human-environment 
interactions – particularly relevant in the context of modeling agricultural systems – and the “integrative 
agent-centered framework” (IAC) model. The coupling of the IAC and the ability to model human-
environment interactions complement each other; the IAC alone limits the ability to link micro and 
macro levels of the model and there exist limited example applications outside of psychological and 
sociological contexts. However, by pairing them, the IAC framework makes ABMs increasingly appealing 
due to their ability to accommodate many stakeholders with detailed and dynamic profiles, and the 
human-environment component enables context appropriate applications. [An, 2012]. Additionally, the 
ABMs meet all needs addressed by the literature review, including:  
‒ Ability to address loss from producer perspectives 
‒ Enabling analysis of postharvest loss as a system over time, using multi-agent systems and a 




‒ Ability to simulate longer project cycles (extend typical 2-5 year cycle to a 10-year cycle)  
‒ Ability to address farmers as business agents  
‒ Accommodates process-based decision models & protocols 
Alternative modeling frameworks considered (Game theoretical models, Network models, and economic 
tools) are limited in their requirements for data, lacking the ability to model hypothetical situations, and 
the number of variables that can be tested. Based on the aforementioned considerations, an agent-
based modeling approach was selected for this work due to its appropriateness and potential to best 
model the complex grain production systems of India.  
However, due to the inherently complex nature and time involved with creating novel ABMs, a modified 
ABM was found to be more appropriate for the scope of this work. However, the decision to forgo a 
novel model in favor of an existing ABM significantly limited the options for model development; the 
field of ABM was relatively new at the time of commencement of this work and thus relevant and 
accessible models were limited. The criteria for an appropriate model included the following:  
‒ Agent-based model 
‒ ‘Easy’ modifications take low priority (e.g. Time, PHL tracking) 
‒ Complex modifications take high priority (Social and psychological component, Interface 
between social and ecological, Multi-agent interactions) 
‒ Models specific to India, either with inherent weather, economic, or other useful submodels 
‒ Simulation within the context of grain production and supply chains 
‒ Ability to simulate future supply chain interventions 
A suitable ABM was identified, developed by Dr. Yogendra Shastri, that simulates the dynamics of 




analysis in existing literature were the need for analysis of farmers as business agents and addressing 
farmers’ producer perspective. Shastri’s ABM addresses this need by enabling farmer agents to 
negotiate contracts, anticipate profits, and become a key player in all business decisions. This particular 
ABM also emphasizes the farmer as an independent agent, with unique attributes, and a key role in the 
decision-making processes involved in production; farmers are allocated a submodel to simulate on-
farm operations and the ability to adapt as ever-evolving producers from year to year. Shastri’s ABM 
also has the ability to accommodate new, multi-agent systems and extended time horizons. Agents are 
assigned social networking strategies and a variety of cognitive processes (deliberate and imitative) and 
mental representations (factual and social). This gives the system many opportunities to evolve and 
adapt to new interventions over time as farmers would in the real world – an inherent stochasticity that 
would be difficult to otherwise replicate within the time allowed for this project.  
 An agent-based model simulating the grain production system in India was developed by making 
significant modifications to the existing ABM. The original ABM’s output demonstrated biorefinery 
capacity over time in response to a new crop assistance program to encourage farmers to adopt 
biomass production. The analog for the modified ABM will be, more generally, the adoption of various 
interventions over time, with additional analysis on PHL and effects on farmer profits. The primary 
stakeholders of the modified model include farmers, grain biorefineries, and government.  The goal of 
the modified model is to simulate grain production and the dynamics between the stakeholders in order 
to estimate the effects on PHL under several scenarios within India. The modified ABM was developed in 
MATLAB. Validation for the agent-based model presents a challenge as the current data available is 
insufficient to accommodate standard validation methods.  
The modified model simulates effects of introducing a biorefinery agent under four government pricing 




solutions is something current literature is lacking. The scenarios simulate the impact of introducing a 
biorefinery agent into static and dynamic government pricing systems, at conservative and high MSPs. In 
addition to effects on PHL, the system was analyzed for effects on farmer income; observing the farmer 
as a primary business-oriented stakeholder in the model is also a key feature that current PHL 
simulations lack.  Analysis of the modified model will focus primarily on PHL effects resulting from each 
scenario. Analysis also focuses on the adoption rate of new system interventions by farmers and the 
effects of interventions on farmer profits. Capturing the effects of these tangential factors to PHL was 
considered a critical piece of this work’s analysis as food security solutions will require holistic solutions 
that focus not only on production of more food, but the feasibility of intervention implementation.  
The final results of this work may be used to provide information to farmers and the Indian government 
on the effects of various interventions on PHL, farmer profits, and the grain market. Based on the 
results, farmers and government agents may be able to make more informed decisions to adopt or 
reject new practices.  
 
3.2	Overview	of	the	Original	ABM		
The foundational model for this work is an agent-based model (ABM) of a complex information system 
that was developed to analyze system dynamics of biomass feedstock in the United States, developed by 
Dr. Yogendra Shastri. Shastri’s ABM primarily assessed the introduction of a new biomass cropping 
assistance program provided by the government. The model is written in MATLAB, and also has an 
imbedded on-farm production optimization model, BioFeed written in GAMS. The ABM accepts inputs of 
farm statistics from the state of Illinois, such as farm size, average productivity, and information about 




processed through a series of algorithms to analyze the impact of a subsidized biomass cropping 
program on the success of new biomass refineries. Refer to Appendix A for a detailed overview of the 
sequence of operations for the original ABM. Outputs include farm performance, participation in 
biomass production, and contract prices with the biomass purchasing agent (refinery) over a 15-year  
period. A sample of the original ABM’s output is provided in Figure 5. Farmers, biomass refineries, and 
storage elevators are each considered separate agents with complex interrelationships. In particular, 
there is a strong representation of farmer social networks in the ABM, and the subsequent effect of 
these influences on systematic decisions. “Factual farmers” – those making decisions based solely on 
financial gain – have the ability to influence “social farmers” – those making decisions based on the 
Figure 4, Unified Model Language class diagram depicting the original ABM, to which subsequent modifications were made, 
Dashed line indicates dependency of submodels. From top to bottom: Title - class, Middle - attributes of the class, Bottom - 
derived operations. BioFeed Model: submodel that processes storage and handling loss and optimizes on-farm decisions 





influence of their social network – to initiate biomass feedstock production [Shastri et al, 2011]. 
Decisions made by farmer agents include:  
‒ Whether to participate in energy crop farming 
‒ What fraction of the land must be devoted to energy crops 
‒ Bidding for biomass delivery contracts to the biorefinery. This includes the delivery month, 
quantity, and the sales price  
‒ Selection of farm machinery for energy crop production and scheduling of production tasks 
‒ Farm production management and operations during the harvesting and post-harvest season. 
The model currently assumes that all farmers follow standard pre-harvest crop management 
practices such as fertilization and weed control, leading to a specific crop establishment cost 
that is common to all farms. Future versions of the model can incorporate farm-specific crop 
management practices.  
‒ Modification of farm area allocated to energy crops at the beginning of each growing season. 
‒ Outputs from previous years are recycled as inputs for subsequent years, such as equipment 
costs, operating costs, mass of crop produced 
Many of these decisions are carried over from the original ABM to the modified ABM. In many cases 
the modifications are attempted ‘substitutions’ of grain crops in place of biomass crops. However, in 
the instances that they are not, they are detailed in the following section ‘Modifications to the 
Original ABM.’ See Figure 6 for a high-level overview of the inputs and outputs that impact the 













Distribution of supply chain 
network 
Social net work size 
Base profit margin
…  + many other factors 
Farmer profit
Farmer participation 
Contract prices over a 15 
year period
Figure 5 Sample output from current agent-based model (Shastri et al, 2011) which models production dynamics 
for biomass crops. Here, biorefinery capacity change over 16 years after implementing a subsidy program is 
modeled. BCAP: Biomass Crop Assistance Program 




In the original ABM, 1000 total farmers are represented as well as 1 emerging processing agent (the 
biorefinery). The number of farmers was selected to represent the typical number of farms contributing 
to a single refinery in the United States [Shastri, 2011], considering the average number of farms in a 
100km radius from the refinery. The number of farmers represented was carried over to the modified 
ABM to also represent the total number of expected farms contributing to a processor, scaled to India’s 
grain supply chains.  
There are several anticipated limitations in using a modified version of Shastri’s ABM. An important 
characteristic of this model is that it simulates a single purchasing agent. This approach can successfully 
simulate an emerging market but does little to simulate an existing or competitive market (a task that 
should be accomplished for the purpose of meeting the aforementioned objectives of this work to 
simulate the well-established grain market of India). In addition, the model does not employ PHL 
analysis for the observed system. Attempts to overcome these, and additional limitations, are detailed 
in ‘Modifications to the Original ABM.’ 
 
3.3	Defining	the	New	Simulation		
The highly complex nature of the original ABM was quickly identified and helped to reshape the scope of 
this work.  The modified ABM focuses on 1 or 2 agents (government and “emerging agent”) due to time 
constraints, though it was desirable to include other important agents, such as the various types of 
storage facilities and independent traders in the market. As a result of the structure of the original 
model, scenarios accessible for simulation were limited to those including an “emerging agent. The PHL 
estimations were significantly simplified. Lastly, the scope of this work was also narrowed by examining 






The most notable impact of the original ABM on this work was in the structure of the original ABM. The 
foundation of the original ABM is centered around assessing the feasibility of an emerging market: 
biomass production in central Illinois and the respective success of a biomass refinery for miscanthus. 
Because of this, only future scenarios were addressed that test the impact of emerging agents on PHL. 
An alternative was considered was to convert the “emerging agent” who’s key feature is their ability to 
contract with farmers to the analog of a free trader in India’s grain markets. Another alternative was 
considered to simulate the impact of emerging agents at the farm level, such as contract harvesting and 
threshing agents. However, due to the complex integration of the emerging agent throughout the ABM, 
it was not considered feasible to adapt many of the core attributes and behavior of the emerging agent 
and their relationship to all other agents within the simulation. To do so would be to create an entirely 
novel model. Thus, the relationship of the emerging agent to the farmer as a purchasing agent was 
retained. The emerging agent examined in this work is a hypothetical grain processing unit that may be 
interested in capturing grain as export from the Indian market. This represents a real-world possibility: 
large grain procurement agents have expressed interest in entering the Indian market since the change 
in policy allowing grain exports.  
 
3.3.2	Simplification	of	postharvest	loss	estimates		
This modified model, as is, does not encompass the complex nature of PHL among various agents in 
India, depending greatly on the agent, region, market conditions, and time of year. Estimations of PHL in 




processor level. Working within the boundaries of the original ABM restricted the simulation scenarios 
to those including emerging trade agents. The scenarios to be tested with the ABM involve observing 
trade-offs between selling rice to the government and a single exporter; therefore, the primary 
differences in PHL dynamics will occur during the handling by the government and processor (exporter). 
The PHL associated with this handling is distilled into a generalized estimation of the average losses in 
these facilities based on historical data available.  
3.3.3	Selection	of	crops		
Operating within the structure of the original ABM, only one crop could be examined at a given time. 
This introduced limitations in adding diverse cropping options as desired. However, this seemed to be a 
minor compromise, as many farms in India practice mono-cropping. The popularity of mono-cropping 
systems likely lies in the small nature of the farms – 1.34 ha on average – or the security of government 
MSP in wheat and rice production.   
 
3.4	Modifications	to	Original	ABM		
Several modifications to the original ABM were made in order to achieve the desired objectives. 
Adapting the original ABM to accommodate modifications presented challenges due to the complex 






The primary challenge was the conversion of a single purchasing agent to a dual purchasing agent 
system. An ABM with dual purchasing agents – demonstrated inFigure 7 – was desirable to simulate the 
farmers’ choice to either sell their grain to the government or export to a new processor, hereafter 
referred to as a biorefinery agent. This was achieved by adding a separate variable for Maximum Benefit 
– or profits based on selling grain solely to the government. The Maximum Benefit variable was 
embedded in an algorithm, which determines both the contract price offered by the biorefinery and the 
farmer’s decision to sell to the biorefinery or not (Figure 8). Maximum profit from government grain 
sales (Maximum Benefit) are compared to maximum anticipated profit (Expected Benefit) from 
biorefinery sales. The farmer’s decision to sell is based on this comparison, as well as the decisions 
occurring within their social network, and whether they imitate decisions reflected in their social 
network or act deliberately. If the Expected Benefit exceed the Maximum Benefit, then the farmer’s 
contract (OptimalContractSlot), bid price (OptimalBidPrice), and quantity of biomass associated with the 
contract (OptimalBidBiomass) will be updated accordingly for the farmer’s profile, where k1 and i are 
index variables  





The Maximum Benefit variable is a representation of the government’s Minimum Support Price (MSP). 
The MSP is often greater than market price obtained for grains, as private traders (including those that 
would sell to processing agents) typically bid closer to the variable global commodity price. Though this 
is usually true, it is also an oversimplification of trade negotiations in India. MSP and commodity prices 
go back and forth consistently depending on region and procurement status of the FCI throughout the 
year. Therefore, this simplification lead to some challenges in analysis down the road. 
The Maximum Benefit variable can be adjusted to be a fixed price over time or to vary each year. The 
latter variation accounts for inflation, and also simulates a semi-competitive market. The semi-
competitive market scenario demonstrates a dynamic government grain purchase price over time, 
which will also influence biorefinery contract prices over time. Because the biorefinery exists as a new 
agent in this system, they will have to compete against government prices to gain farmer participation – 
e.g. a semi-competitive market. The system should not be considered fully competitive without the 
addition of more purchasing agents, or more complex algorithms to calculate government purchase 
price.  
 
//comparison for benefits from biorefinery sales vs. government sales where expected benefit is 
biorefinery //and maximum benefit is government  
if  ExpectedBenefit(k1,1) > MaximumBenefit 
                        MaximumBenefit = ExpectedBenefit(k1,1); 
                        OptimalContractSlot = k1; 
                        OptimalBidPrice = round(Farm(i).BiddingPrice); 
                        OptimalBidBiomass = FarmBiomassProductionCapability; 
                    end 
 






Some data input criteria had to be modified due to the limited availability of reliable grain farm and 
production data for India. Due to this limitation, biomass data was used as an input to run the ABM 
instead of the preferred grain data. The use of biomass data allowed the model to be scaled for India 
grain simulation and produced respectively scaled outputs of PHL and overall farm performance. Since 
these results were analyzed in terms of percentage, as opposed to units of mass, the scaling should not 
affect the outputs. Measurements, such as mass, will vary greatly for biomass and grain due to variance 
in crop productivity. Some outputs which have units of dollars, such as farmer profits, may be scaled up 
or down to realistic numbers for India using ratios. An appropriate ratio was used for input variables of 
government and biorefinery purchase prices, to adjust from biomass to grain. For example, ratio of 
“government price” to “maximum biorefinery price” for grain is approximately $250/Mg to $584/Mg, or 
42.3:100. This is based on the assumption that the biorefinery will not purchase grain from India for 
more than what grain is worth in the United States. The resulting ratio of “government price” to 
“maximum biorefinery price” implemented in the modified ABM was extrapolated using the current 
proposed government rate for biomass ($40/Mg): ~ 40:100.  
By allowing the flexibility to scale the data, critical calculations were not significantly impacted. For 
instance, bidding price calculation (price which farms offer their biomass to biorefineries) would have 
required conflicting inputs of both biomass and grain data, since not enough grain data are available to 
fulfill all of the input requirements.  Factors contributing to the bid price include a farm performance 
indicator (A), transportation costs (T), storage cost estimates (S), and crop establishment costs (E) – see 
Equation 1. Storage and crop establishment costs were relatively simple to scale from biomass to grain. 
However, crop establishment and transportation costs required significant data modifications, such as 




calculation of bidding price is critical to determination of market scope captured by the new purchasing 
agent. This equation also takes into account the risk (R) associated with each famer, as a normally 
distributed around 1; a neutral farmer under this model would expect to see 10% returns in profit, while 
a riskier farmer could see up to 21% profit and a risk averse farmer only 5%. There is also the 
consideration of urgency (UF), to motivate farmers to sell quickly rather than wait indefinitely for a 
better price. And, the bid adaptation parameter (BA(i)) which allows the contract to be negotiated if the 
biorefinery does not accept the farmer’s initial bid.  
Equation 1, Bid Price Calculation for Farmers Selling Grains to Biorefinery  
	𝑭𝒂𝒓𝒎(𝒊).𝑩𝒊𝒅𝒅𝒊𝒏𝒈𝑷𝒓𝒊𝒄𝒆	
= 	 (𝐴 + 	𝑇	 + 	𝑆	 + 	𝐸) × 	𝑚𝑎𝑥(1.1 × 𝑅, 1.05) 	× 	𝐵𝐴(𝑖) − (× (	𝐴	 + 	𝑆	
+ 	𝐸)	𝑥	0.25 
Additionally, the original ABM takes into account a government subsidy to farmers selling biomass to 
biorefineries. The modified ABM considers governments and biorefineries as separate agents, so 
government subsidies provided to encourage sales to biorefineries were removed. Any additional 
government incentives can be accounted for in future scenarios by manipulation of the Maximum 
Benefit variable.  
 
3.4.3	Modifying	Performance	Indicators	and	Objective	Function		
The original ABM used farmer performance profiles, in the form of farmer profits over time, as a primary 
performance indicator for system dynamics. In contrast, the primary performance indicator for the 
modified ABM will be PHL. Farmer performance profile and contract prices offered from the biorefinery 




Equation 2, Objective Function for Modified ABM: Post Harvest Loss % 
%	𝑃𝐻𝐿	 = 	 (0.34) × (𝐺()) 	+	(0.04) × (𝐵𝐺()) 
In the objective function, Equation 2, postharvest loss (%PHL) is calculated as a percent total weight lost 
relative to total annual yield weight. Postharvest loss is a function of government (G()) and biorefinery 
grain (BG()), which are measured as percentages with respect to total mass grain procured by each 
agent in a given year. Using percentages helps to give a better overview of the modified system, as 
discussed in the “Data Inputs” section. This objective function works on the assumption that all grain 
produced will be distributed to either the government or the biorefinery. Postharvest losses are 
assumed to occur at rates of 34% and 4% for government and biorefinery grains respectively. PHL rates 
are much lower for grains distributed to the biorefineries because they currently have more efficient 
storing and handling mechanisms compared with Indian government facilities. India’s agricultural 
minister, Sharad Pawar, had estimated grain losses in government facilities to be 40% [Chauhan, 2013]. 
However, estimates made by consulting organizations are more conservative, ranging from 20 to 40% 
loss of grains in government storage facilities [Artiuch et al, 2012]. This range was weighted with the 
respective sources to approximate postharvest loss of grains in government facilities to at 34%.  
 
3.5	Results	for	baseline	model		
The baseline model is a simulation run with the modified ABM. This scenario demonstrates a market 
with only one emerging purchasing agent, government subsidies in place of MSP, and 1000 farmers.  In 
general, a baseline model is useful for creating a standard or default representation of the existing 
system in order to draw comparative conclusions from hypothetical scenario simulations. This particular 




facility, would have on PHL and farmer profit in the absence of government MSP. This baseline is far 
from a representation of the existing system. Limitations imposed by the structure of the original ABM 
influenced the decision to ‘reverse-engineer’ the analysis and construct the baseline model as a test 
scenario. The result is that the actual test scenarios observed in this work are a closer representation of 
India’s existing grain market and supply chain.  
The baseline simulation results demonstrate that in an emerging market with only one purchasing 
agent, the agent can capture ~ 85% of the participating market (See Figure 9) or 50% of total farmers 
with potential to grow biomass. 100% of the market cannot be captured by the agent due to 
circumstances beyond the control of purchasing agents, such as transportation limitations [CGIAR, 
2013]. In addition, expansion of the biorefinery capacity could increase the portion of market captured.  
Farmer profits showed an increase over time, due to capturing profits from an emerging market (See 
Figure 10). Social farmers do not capture as much because they are later to the market and thus later in 
line for bidding for contracts.  
Postharvest loss showed a decline over time, which levels off at ~15% PHL (Figure 11). As crop 
production increases, the biorefinery captures more of the market simultaneously (Figure 9). PHL will 
decline relative to total crop production as a result of this combination. PHL stabilizes after the 8th year 












Figure 9, Farmer Adoption, Biorefinery Capacity, and Crop Production for the Baseline Model. Left Axis: % of Farmers 
Selling to Biorefinery (bars) over time (years); Right Axis: Biorefinery capacity (Mg) (red line), Farmer production 





     
Figure 11, % PHL over time (years) 









Case 1 is a simulation run with the modified ABM. This scenario demonstrates a market with dual 
purchasing agents, no government subsidies, and a fixed government rate for grain over a 15-year 
period. Two fixed government grain rates were tested:  
Low: $30/Mg  
High: $40/Mg  




Case 2 is a simulation run with the modified ABM. This scenario demonstrates a market with dual 
purchasing agents, no government subsidies, and a variable government rate for grain over a 15-year 
period. Two variable rate equations, Equation 3 and 4, were applied for farmers’ maximum benefit from 





𝐿𝑜𝑤:	𝑀𝑎𝑥𝑖𝑚𝑢𝑚	𝐵𝑒𝑛𝑒𝑓𝑖𝑡	 = 	 [$30/𝑀𝑔	 +	((𝑡 − 1) ∗ $1/𝑀𝑔)] ∗ 13.2𝑀𝑔/𝑎𝑐𝑟𝑒 ∗ 583.5	𝑎𝑐𝑟𝑒 
Equation 4 
𝐻𝑖𝑔ℎ:	𝑀𝑎𝑥𝑖𝑚𝑢𝑚	𝐵𝑒𝑛𝑒𝑓𝑖𝑡	 = 	 [$30/𝑀𝑔	 +	((𝑡 − 1) ∗ $2/𝑀𝑔)] ∗ 13.2𝑀𝑔/𝑎𝑐𝑟𝑒 ∗ 583.5	𝑎𝑐𝑟𝑒 
The Maximum Benefit value represents maximum total yearly profit that a farmer can receive for selling 
their crops to the government agent. 13.2 Mg/acre is the average productivity for biomass (miscanthus) 
and 583.5 acres is the average farm size in Illinois, both of which were obtained from BioFeed 
initialization data. The modified ABM uses scaled biomass data for the grain simulation as there was not 
sufficient time or data to modify all necessary parameters that were inherent in the original ABM. The 
low and high equations, Equations 3 and 4 respectively, are distinguished by the increase of the dynamic 
Maximum Benefit: a low dynamic Maximum Benefit increases at a rate of $1/Mg each year, whereas a 
high dynamic Maximum Benefit increases at a rate of $2/Mg each year. As discussed in Section 3.4, the 





Case 1 demonstrates that the effects of a market with dual purchasing agents can negatively impact 
PHL. PHL increased from the baseline of 15% to 20.8% and 21.8% for low and high government fixed 
prices, respectively (Compare Figure 11 with Figures 14-15). Competition from a government agent 




impacts of PHL reduction. A competing agent can initially negatively impact PHL (~6% increase), if their 
practices are less efficient – e.g. in the case of the government. However, once the agent is established, 
price fluctuations have a minimal impact on PHL. For instance, there was a 33% increase from the low to 
the high government fixed price, and the resulting impact on PHL was only 0.3% - a difference of a factor 
of 100.  
The addition of a second purchasing agent also reduced farmer participation in the emerging agent (the 
biorefinery) by 15%. This occurred in both cases of high and low government fixed prices (Figures 16-
17).  This demonstrates that when given two options, farmers will have a greater tendency to maintain 
their original preferences, rather than trying to improve their profits.  
Farmer profits for dual purchasing agent markets were not as stable as the base scenario, and the 
results are not fully understood (Figures 12-13 compare with Figure 9). The model simulates a decline in 
farmer profits over time, which is not expected for a semi-competitive market. In the process of 
modifying the model, it is likely that there was some conflict between the modifications to the “dual 
purchasing agent system” and the modification of the “data inputs.” The first assumes that government 
dictated MSP will often be greater than contract prices offered by the emerging refinery agent, whereas 
the second assumption in the data inputs grants refineries the ability to bid up to 250% more than the 
government MSP. Conflict encountered between these two modifications in the algorithm may have 
resulted in this modeling error – producing negative farmer profits. Results are not fully understood as 
the model simulates a decline in farmer profits over time, even though observations for results in PHL 





Figure 12 Average Farm performance, factual and social, average profit ($) vs. years for Case 1 – Low 
 





Figure 14 Post Harvest Loss % over time, Case 1 – Low 
 











Figure 16 Farmer participation, Case 1 – Low (Left Axis: % of Farmers Selling to Biorefinery (bars) over time (years); Right 
Axis: Biorefinery capacity (red line), Farmer production (black line)) 
 
Figure 17 Farmer Participation, Case 1 – High (Left Axis: % of Farmers Selling to Biorefinery (bars) over time (years); Right 











Case 2 demonstrates the impact of dual purchasing agents on the grain market, when grain purchasing 
prices for both agents are dynamic.  
Farmer sales to the biorefinery and government agents were 45% and 55% respectively – the same as 
proportions as Case 1 (Figures 16-17). Due to the nature of the objective function, this means that PHL 
was not impacted by the addition of a dynamic government purchase price. The consistency of PHL 
output between Case 1 and 2 demonstrates that the modified ABM may be an accurate predictor for 
PHL dynamics in Indian grain markets. But it may also be an indicator of some level of robustness for the 
model, i.e. altering the model’s inputs by a reasonable margin will result in minimal impact to the 
model’s output.  
However, farmer profits appeared more stable in Case 2 simulations than for Case 1, for both high and 
low scenarios (Compare Figures 12-13 with 18-19). This demonstrates that the implementation of a 
more truly competitive market in India could help improve farmer profits, and reduce overall poverty, 
but do little to impact PHL for increased grain distribution. However, due to the discrepancies between 
Case 1 and 2, more work would need to be done to construct an accurate model for a dual agent grain 





Figure 18 Farmer profits over time, Case 2- High 
 
Figure 19 Farmer profits over time, Case 2 – Low 



















































Case 2: Low -  Average Farm Performance 






The results suggest that a new grain biorefinery agent can address the Indian rice market, and 
successfully offer contracts at prices just over the government fixed price. This is because once both 
agents have been implemented, the PHL and scope of the market captured by the refinery are minimally 
impacted by price fluctuations.  
The model also suggests that grain biorefinery agents integrating into the Indian market can expect to 
compete with the Indian government for grain purchases and are not likely to obtain greater than 45% 
of the market.  
 
5.2	Limitations	of	the	Model		
The modified ABM is significantly limited by availability of data required to create a true India-based 
ABM, rather than a scaled model based on Midwestern United States farms. Possible improvements to 
the model could include the addition of accurate data inputs for Indian farmers, such as size, spatial 
distribution, capital, etc. Updates to the model could occur if information was collected on current 
farmer practices related to harvesting as well as the government policies which will influence production 
dynamics in order to make the model more reflective of the production system in India.  Data on small-
holder farmers in rural India are not always readily available, but the Archer Daniels Midland PHL 
Institute is currently working to access new resources and form new collaborations which may provide 




Estimated of PHL in the modified ABM are simplified. The modified ABM currently neglects the tracking 
of PHL for grain that is distributed to agents outside of the government or biorefineries – e.g. farm level 
losses and losses incurred by other independent trade agents. This is a serious limitation of the utility of 
this model to conduct system level analysis of PHL in India as significant losses occur at farm level and in 
the facilities of other privately or community operated storage agents. Incorporating alternative PHL in 
the form of estimated calculations or input data is important for obtaining a more accurate estimate of 
the impacts on overall PHL.  
Although the grain biorefinery is a major stakeholder, analysis of biorefinery profits are beyond the 
scope of the modified ABM. In order to accurately calculate the profits of an external purchasing agent, 
it would be necessary to understand the methods by which they will process and redistribute the grain 
to consumers. This limits the scope of the modified ABM and limits the abilities of the predictions to 
make any serious recommendations on whether or not it would be financially feasible for a new 
biorefinery to enter the India grain production market.  
The modified ABM would benefit from accurate grain data. The current modified ABM uses scaled 
biomass data for the grain simulation as there was not sufficient time or data to modify all necessary 
parameters that were inherent in the original ABM. This limits the ability of the work to seriously 
consider the impacts on grain production systems, as the model technically is not simulating grains. Data 
needed to fulfill this need in a future model would include, but is not limited to:  
- information on postharvest loss rates at each stage in the supply chain, including on-farm 
level data and better estimates of losses from government facilities  




- resulting production for grains across regions of India, for multiple cereal crops and all 
applicable seasons 
Additionally, the modified ABM would benefit from a more complex algorithm for government grain 
purchase price. The current modified ABM employs a simple calculation of government grain purchase 
price, which does not take into account the government’s desire to retain only a portion of the market. 
Therefore, the government rate may not naturally increase consistently every year - as is modeled in the 
dynamic purchase price scenario - and only when their welfare grain reserves are threatened. In order 
to account for this complex relationship between the government and external purchasing agents, the 
government requires more development as a separate agent. 
The agent-based model, as currently designed, requires inputs of crop productivity and production 
costs. As an analysis of biomass, this input is currently fulfilled by BioFeed - a GAMS optimization model 
for the productivity and cost of biomass in the U.S. [Shastri, 2011]. Ideally, BioFeed would be modified to 
model analogous data for grain in India and will then serve as an input for the agent-based model. In 
order to accomplish this task, it would have been necessary to collect data on grain production specific 
to India. There is currently some data found in databases or through resources from collaborators at the 
Indian Institute of Technology-Bombay; however, it is limited. For this work, only modifications to the 
agent-based model were made, though modifications of both models are critical to the simulation and 
analysis of contract harvesting in India. Currently, efforts are being made to update the BioFeed model 
by the BioMASS laboratory at the University of Illinois Urbana-Champaign to suit modeling of grain 
systems in India. Unfortunately, the updated model was not available for application in this project.  
Lastly, the results as demonstrated in the modified ABM should not level off over time given the 




tallies as each run of the simulation presents the opportunity for new decisions made at the farmer and 
grain biorefinery levels. That is not to say that the PHL levels should not stabilize – they should after a 
period of time, as farmers and market agents learn from data produced in previous years. The fact that 
PHL does level off in a very deterministic manner indicates that the model may not have enough 
opportunities for independent decision making each year; to this extent, the modified ABM fails to be a 
successfully designed ABM.  
 
5.3	Conclusions	
In summary, modifications were made to an existing agent-based model for the purpose of simulating 
production dynamics for food grains in India. This model used many biomass parameters for the 
Midwestern United States that were scaled to model rice in India. The modified ABM was used to test 
scenarios of an emerging processing agent under high and low rates for static and dynamic government 
subsidies. The modified ABM was useful for a scaled, comparative scenario analysis and takes into 
consideration many complex interrelationships of farmers. 
However, numerous modifications to the modified ABM would be necessary to provide additional utility 
in exploring PHL dynamics for Indian grains. The existing modified ABM falls short in its ability to 
simulate the effects of dynamic and static government purchase prices and the simultaneous influence 
of introducing new purchasing agents on the PHL of grains in India. The modified ABM is also limited by 
its existing framework, which may not fully represent both the production and marking of grains in 
India, or the complex trade dynamics and rich agent profiles. Additionally, the model is limited by a lack 
of quality data on grain production, farmer operations, and current PHL rates – particularly for each 




further modification of the modified ABM, may provide more opportunities for accurate simulation and 






The immediate goal of this work was to simulate and analyze production dynamics for a grain system in 
India, as detailed in Chapters 3-5. The long-term goal of this work is to expand on the framework 
developed within this project for applications in the area of complex food systems and production 
dynamics research. In the future, the model may be adapted to simulate food products other than 
grains, including produce, meat, and dairy. The model may also be adapted to simulate new regions of 
interest in both the developing and developed worlds. By expanding on this work, the field of food 
security can continue to enrich the understanding of food production dynamics and better identify 
solutions to mitigate food losses and improve the quantity and quality of food available to all 
consumers.     
Based on conclusions synthesized from the literature, general areas of study may include: 
• Harvest/Threshing:  
o Do contract harvesting options reduce PHL?  
o Do contract threshing options reduce PHL? 
o Do multi-crop systems reduce PHL compared to mono-cropping systems?  
• Storage/Drying: 
o What ownership option (government, private, cooperative) optimizes PHL?  
o Where are the optimal locations for new storage facilities?  
• Transportation: 
o Optimize supply chain routes to reduce PHL. Where should new roads be established? 
Which roads could benefit the most from improvement?  
• Processing:  




o What is the optimal size for new processing facilities?  
• Other Factors:  
o What should the government ceiling be on land ownership (with option of no ceiling) to 
reduce PHL?  
o Where should subsidies be targeted to reduce PHL?  
• Data Collection:  
o Development of standardized methods for measuring PHL at various supply chain 
stages, for various crop types  
o Develop farmer surveys for data collection 
• Modeling  
o Develop agent-based modeling protocol that facilitates better simulation of human 
decision-making processes.   
o Develop models that allow a multi-crop analysis.  
o Develop models with a focus on producer perspective 
 
Areas of study that could be explored to a relatively limited extent through application of the existing 
modified ABM detailed in Chapter 3 of this work, if desired, include:  
• Will direct subsidies to farmers reduce PHL?  
• How does the capacity of the processing agent influence the system dynamics?  
• How proximity of the processing agent to the farm affect system dynamics? 
Areas of study that should be prioritized in the field of food security and postharvest loss mitigation 
research for grain systems in India, but would require significant additional modeling efforts (e.g. the 
development of a novel agent-based simulation, specific to India grain supple chains) include:  
• Closed-ended procurement, simulated by placing a cap on the amount of grains the government 
may collect at one time, which has potential to prevent back-up of crops in government storage 




• Option to plant multiple crops with different harvest windows, which has potential to mitigate 
the back-up of crops in storage  
• Vary farm management practices, e.g. increase machinery access, which has potential to 
influence planting and harvesting times – with the possibility to compare changes in machinery 
access to changes in labor access  
 
6.2	Development	of	Framework	for	Novel	ABM		
The development of a novel ABM is proposed to continue work to assess postharvest loss and 
production dynamics within India’s grain supply chains. Details of the flow of grains through India’s 
existing supply chain should be well understood prior to undertaking novel ABM development. 
Unfortunately, current available data limits the ability to make sophisticated quantitative assessments of 
grain flow through various supply chain channels in India. Figure 20 shows a supply chain map of India’s 
grains as proposed by Dr. Yogendra Shastri and affiliated research team at the Indian Institute of 
Technology, Bombay. This was developed based on information available from government reports, 
India’s National Informatics Center in particular, as well as many field visits to various points in the 
supply chain. The arrows represent food grains moving through the supply chain and the thickness of 
the arrow represents the relative amounts of food exchanged, with dashed lines representing potential 
links. The role of the agent in the supply chain is also indicated in parentheses, e.g. trader or storage.  
Grains primarily flow from the farmer to the Mandi traders at the market, and on to the FCI to be moved 
to consumers through the Public Distribution System. Grains are also move from the Mandi to private 
traders and storage facilities to a lesser extent. How prices are established, the costs associated with 
each agent, as well as the efficiencies in grain handling at each stage for all agents is also of importance 




included in the model as inputs or decision variables, possessing the capacity to change as conditions 
change from season to season.  
 
 
The currently established supply chain map, Figure 20, should be used a guideline to develop a baseline 
model that simulates the existing conditions of the grain production, sale, and distribution. The baseline 
model should precede development of scenarios for testing, which would inform future decisions on 
hypothetical interventions. The baseline model should be validated using available data to ensure that 
the result is comparable postharvest loss rates (~30%) and profits for each agent. The primary agents of 
the model should adhere to the supply chain map and focus on the interactions between the Farmer, 
Mandi, FCI, PDS, and consumers. It can be noted that although simulations of India’s grain supply chain 
to assess postharvest loss would not necessarily be concerned with consumer impact, however, tracing 
grains all the way up to consumers will capture losses associated with government storage and 
distribution.  Inputs and decision making associated with each primary agent will be detailed in the 
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Figure 20, India's supply chain map and relative quantity flow of grains through various channels, from producer to consumer, 




The baseline model should also strictly adhere to current practices of each agent. For instance, farmers 
should not be allocated on-farm or intermediate storage systems. Other decisions, such as on-farm 
management, could potentially be modeled using the grain version of the BioFeed optimization model – 
BioGrain. BioGrain was in development at the time of this work within Dr. Luis Rodriguez’ and Dr. 
Yogendra Shastri’s research groups at University of Illinois Urbana-Champaign and the Indian Institute of 
Technology, Bombay – respectively. The limitation of applying the BioGrain model in a future ABM for 
Indian grains is that its current development is for application in Midwest American grain operations. 
The inputs and decision making will vary between Indian and Midwestern operations in terms of access 
to capital and mechanized equipment, as well as scale of the operation. BioGrain could potentially be 
used with modifications, or a simplified model may be used in its place to make on-farm operational 
decisions.  
Shastri’s ABM that was used as the foundation for this work could be used in the future as a general 
framework for development of a novel ABM for India. That is not to say that the model should be 
further modified, however pieces of it may be extracted or modified for use in a novel model.  
It is recommended that the baseline ABM for Indian grains be developed as a basic representation of 
existing primary agents, their interactions, and their key individual decisions. Hence, only the majority 
flow of grains from the farmer to the Mandi to the FCI and PDS are being proposed for the baseline. The 
baseline model proposed in section 6.2.1 should be seen as a draft, and as such introduces many 
simplifications that can be expanded on in future iterations. For example, understanding of price 
variations in cereal markets was limited at the time of development – though this information is more 
prevalent now and may be factored in. The baseline model, once established, can then be further 
adapted and enhanced for future work in analysis of intervention scenarios. Possible areas of focus are 




option to plant a variety of crops, and increasing accessed to mechanization. The results of such 
scenarios can be used with discretion to better understand the system and make recommendations for 
interventions to government and NGO organizations for the prevention of postharvest loss.  
 
6.2.1	A	Proposed	Baseline	Model	for	India’s	Grain	Supply	Chains	
The proposed baseline model simulates the production, sale and distribution of grains in India. 
Specifically, the flow from production of the grains, postharvest handling, trade to Mandi, movement 
from Mandi to the FCI, movement from the FCI to the PDS, and distribution of PDS grains to the 
consumer and any extraneous sales. A proposed algorithm for the baseline model is outlined below and 
represented graphically in Figure 21. “Excluded steps” may be included in future models or specific 
scenarios but may not be considered for the proposed baseline.  
Step 1. Initiate New Year. 
Simulations occurring for 10-15 year cycles or longer are desirable to assess long term impact of 
interventions.  
Step 2. Initiate New Growing Season.  
In India, at least two growing seasons should be represented for the analysis of cereal crops. 
However, this may be expanded to include all three of India’s growing seasons if a multi-crop 
analysis necessitates the inclusion of the third season.   
Step 3. Initiate Farmer IDs  
The “Farmer ID” includes the static parameters associated with the farmer for the duration of 
the simulation, such as: ID Number, social and cognitive representation, farm size, initial capital, 




India’s farmer network will have the same distribution (same ratio of % Factual to % Social and 
% Deliberate to % Imitative) as Shastri’s ABM because there is no data available at this time to 
determine the corrected ratios for India’s farmer networks. In Shastri’s ABM the ratio is %40 to 
%60 for both the ratios of Factual to Social farmers and Deliberate to Imitative farmers.  
(Excluded step) Initiate non-Mandi Trade and Storage IDs  
Step 4. Calculate production cost to produce only rice (Default)  
(Excluded step) Farmer determines whether to plant a second crop 
The farmer carries over profit estimates from producing only rice in previous seasons. The 
farmer determines how much land to allocate to a second crop as a function of farmer age, farm 
size, capital, and previous profit estimates versus actual profits. The farmer estimates the 
expected utility from growing rice and a secondary crop. The Mental and Cognitive Process 
representations are using in conjunction with the expected utility to make decision final decision 
regarding secondary crop. The farmer can allocate 0-100% of land to a new crop.  
Step 5. Determine plant date (and subsequently harvest date).  
See Section 6.2.3 for a simple planting and harvest data generator function.  
Step 6. Simulate farm operations using BioGrain optimization submodel (for corn, in Illinois).  
Input parameters such as farm location and size, crop peak yield, pre-harvest loss rate, 
equipment costs, crop establishment costs, etc. Results determine harvesting schedule, 
equipment selection, and production costs. See Section 6.2.3 for additional details on modifying 
the BioGrain optimization model for use in Indian grain simulations.  
Step 7. Track grain features after harvest  
Track features associated with grain quality such as moisture, foreign matter, presence of other 




an array with farmer ID. These values will be used to determine grain grade designation and bid 
prices at market. See Section 6.2.3 for additional details on features that affect grain grading.  
Step 8. Trade grains: Farmer trades to private traders and FCI at the Mandi 
Bidding occurs based on order of arrival of farmers and traders. Grain grade is estimated 
qualitatively by both the farmer and trade agent placing a bid. Bid price is based on grain 
quality, MSP, global commodity price, and current FCI grain stocks. Prices are accepted that 
meet 5% profit margins for farmers. As time lapses during trade, farmers may accept 0% profit if 
they cannot find suitable bids due to poor grain quality. See Section 6.2.3 for additional details 
on this proposed contract negotiation submodel.   
Step 9. Mandi to Food Corporation of India (FCI) 
Grains that meet minimum quality standards are purchased at MSP as buffer stocks for public 
distribution system.  
(Excluded step) Storage facilities sell grains for milling and processing  
Step 10. FCI to Public Distribution System (PDS) 
Step 11. PDS distribute grains for welfare  
Step 12. High quality grains remaining in storage sold to market (domestic and export)  
Step 13. Calculate postharvest losses for all facilities and transportation 
Total PHL for a baseline study of India should be approximately 20-30%. Standardized PHL 
output PHL in % mass quantity, kg or ton lost, is desirable. There is also value in generating PHL 
output in % nutritional calories lost as well (in addition to % mass quantity, not in place of).  
Step 14. Update farmer decisions for social network  











The ODD protocol is a standardized method for describing an ABM as established by Grimm et al (2006). 
ODD stands for Overview, Design concepts, and Details. Each section of ODD has subsections to detail 
the various components of the model that is needed to create a fully adequate ABM.  
ODD	Protocol:	Overview	
Purpose  
The purpose of this proposed model is to observe the production and supply chain dynamics for India’s 
cereal crops, with special emphasis on the effects on postharvest loss.  
Entities, State Variables, and Scales  
The entities represented in this model include: farmers, government storage facilities (which purchase 
grains for welfare purposes), and the environment.  Potential entities that could be included with 
adaptations including other processors, traders, markets external to the Public Distribution system, 
contracted agents for on-farm operations, and policy agents which introduce dynamic policy changes 
into the model that would impact the decisions and interactions of other entities. Entities have the 
power to alter components in the model such as land parcels. Entities do not have the power to alter 
components such as weather, time, or inherent policies.  
State variables serve to specify the state of the agents at any time – e.g. size, age, savings, memory, 
opinion, searching behavior, bidding strategy, learning algorithm, location, etc. State variables do not 
include secondary measurements that can be calculated from state variables.  




- Farmer: Age, Cognitive representation: Deliberate or Imitative, Mental Representation: 
Social or Factual, Owned land parcels, Network size, Soil type, Capital, Production Capacity, 
Yield potential  
- Government Storage Units: Location, Capacity, Storage type/efficiency, Purchase price  
- Buying Agents: Location, Type of crop that can be purchased, Capacity  
- Government/ Policy Agent: Min amount of grain to be purchased for welfare stocks  
- (possible) Contract Harvester: Base Location   
- (possible) Transporter: Base Location, Mode (train, truck, bicycle), Capacity, Speed or range 
Some entities, such as the environment, are characterized by external variables or submodels, and not 
by state variables as such. The environment for this proposed ABM is characterized by grain production 
determined in the BioGrain model, harvest date determined stochastically, and weather. There is 
currently no weather submodel recommended to supplement the development of the proposed ABM.  
The scales are the temporal and spatial resolution of the model, such as time step size and how long 
simulation occurs. The proposed temporal resolution is by growing seasons – 2 seasons per year 
(summer and autumn; inclusion of a winter season would depend on the region and crop selected). The 
temporal extent proposed is a minimum of 10 years. A possible spatial scale could include cells 
representing 1 farm, or pieces of a farm since farms will vary slightly in size.  
Process Overview and Scheduling 
The process overview within the ODD Protocol is the order in which the entities execute processes. The 
proposed process and scheduling for the novel ABM are as follows:  
1. Initiate Agent IDs 




3. Initiate new growing season 
4. Initiate when farmer plants crop for upcoming season 
5. Determine production cost of producing only grains (baseline default) 
6. Farmer determines when to harvest and when to trade 
7. Simulate operations using BioGrain 
8. Profits are calculated for the current season 
9. PHL for markets are calculated 
10. Stocks are recalculated for government storage 
11. PHL for government storage is calculated 
12. Update farmer decisions for networks 
13. Update yields and purchase prices for next season 
14. Begin new growing season – Repeat for 2-3 seasons 




Farmers’ decisions made regarding what to plant each year how to allocate their land should be allowed 
to emerge, rather than being determined. Similarly, Mandi and trade decisions to establish pricing based 
on the trade climate and grain quality available should vary for each run of the simulation. Emergence 
has not been considered for government-based agents such as the FCI and PDS, which will have 
primarily deterministic characterization – particularly in the early stages of the baseline model 
development. Collectively, the individual emergence from each agent creates novel results for each 






Adaptions available to entities include the “decisions” that they make throughout the model. Farmers 
determine land allocation, when to perform on-farm tasks, what portion of the work to hire to outside 
labor, and when to trade in order to maximize profits. In scenario testing, farmers could be making 
decisions whether or not to adopting emerging practices to improve profits. Traders will decide which 
farmers to procure grains from and the respective quantity in order to maximize their own profits. 
Government storage agents will determine quantity of grains to procure based on yearly demand and 
availability of storage space.  
 
Fitness/ Objectives 
All farmers and trade agents will also be adapting decisions to maximize their own profits. Government 
storage facilities as agents will be adapting their decisions to meet the needs of the Public Distribution 
System, i.e. procuring enough grains to achieve 80% distribution to all welfare recipients. In future 
iterations, other influencing factors such as environmental and land considerations could be considered 
by farmers.  
 
Learning/ Prediction 
Farmers should adapt their decisions based on the decisions occurring within their network in the event 
that they are not both Factual and Deliberate agents making decisions based on deterministic processes.  
For farmers, the use of environmental cues such as weather to predict drying times and estimate sell 




decision to allocated X amount of land and hire Y labor yielded Z profits in year 1. The farmer should 
learn by comparing previous years expected outcome versus the actual outcome and recalibrate their 
strategy accordingly to work towards maximizing profits.  
 
Sensing 
The Sensing component within the ODD protocol describes what agents are allowed to ‘see’ or what 
information they have access to, to formulate their decisions. Farmers may know things like the costs 
associated with their operations and as a result, what their expected sell price is to turn a profit, what 
their expected profit margins are, who is in their social network, an estimation of their grain quality  
Likewise, traders know the key factors associated with their own operations in terms of costs. They may 
also have their own assessment of grain quality which only they would know. As the model progresses, 
the farmer will also have a record of all past decisions made and their associated outcome.  
In contrast, a farmer will not know what prices a trader may offer just as a trader would not know who is 
in a farmer’s network and how that may affect their decision to participate in certain trades.  
 
Interaction 
Interactions at a high level can be observed in Figure 19. However, in greater detail, it is important to 
understand how agents respond in individual interactions, i.e. one farmer and one trader.  
For instance, if 100 farmers show up to a market with 20 traders, how are interactions prioritized? 
Which farmer will negotiate first? Which trader will negotiate first? What will impact their decision to 




Interactions at this level are only somewhat understood. It may be important to have further exposure 
to real-life agent interactions on the ground in India in order to expand on this particular part of the 
ABM with high accuracy. Also, note that interactions will vary from region to region, and even market to 
market within the same region.  
 
Stochasticity  
Random processes are introduced throughout the model to enhance the simulation and ability of the 
model to produce ‘emerging’ insights which are more random in nature than deterministic. For example, 
a randomization of field working days, or a weather model, will impact sow and harvest dates and create 
a more realistic representation of real-world outcomes. Careful attention should be paid to the level of 
stochasticity introduced into the novel ABM and it may be worth considering additional means to 
enhance this feature of the model. It is worth noting that for the modified ABM applied in this work it 
was also observed that each individual simulation yielded very similar results. This hints that a 
deterministic lean exists in the framework for Shastri’s ABM and the modified ABM. Care should be 
taken to avoid this outcome in novel ABMs, even in models with high resilience.  
 
Collectives 
Agents can be grouped and even broken down into sub-groups depending on their associated inputs, 
adaptations or types of decisions they make, and information they have access to. These groups and 
subgroups are “collectives.” Farmers would be grouped as one collective. Trade agents would also form 
a collective. Within the Farmer collective there can be Social, Factual, Deliberative and Imitative farmers 




the ‘individual’ level where there is one farmer with a particular capital, land availability, network, etc. 
Subgroups while possible for trade and storage agents, has not been considered at this time.  
 
Observation/ Data retrieved from the model  
Data such as farmer profit and postharvest loss rates would be retrieved from the ABM. Many other 




At the initialization of the model when time = 0, the following declarations should be made:   
a. Initial capital of each farmer 
b. Value of on-farm inputs: seed, labor rate, fertilizer, pesticide  
c. Loss rates of mechanized and manual harvesting  
d. Drying and threshing rates  
e. Loss rates due to planting after optimal sow date  
f. Expected profit margins associated with perceived grain quality  
 
Input Data 






Submodels should be considered for application in the novel ABM to handle on-farm operations and 
contract negotiations. BioGrain, an optimization model carried out in GAMS for handling on-farm 
operations of grains, takes in information on farm location, size, expected yield and outputs farmer 
profits and seasonal yields. Contract negotiations between farmers and traders should also have a more 
complex submodel. The format that Shastri uses in the original ABM discussed in this work could inform 
development of a modified submodel. Incorporating social and cognitive representations may be an 
improvement on the representation of human decision making in process-based models where these 
factors are not considered. The social networks of India’s farmer population and their impact on 
operational decisions, as well as their aversion to risk, and rationality when evaluating several decisions 
should be considered if implementing this submodel.  
 
6.2.3	Building	out	the	Baseline		
Several functions related to the baseline model were researched and developed. These functions or the 
relevant knowledge can be used individually or collectively to aid future work to fully develop a novel 
model of India’s grain supply chain.  
 
Sowing	Date	Generator		
Determining sow date is among the first decision farmers make each season. The timing of sowing is a 
critical decision that will greatly impact yield, time of harvest, and the time farmers can bring their crop 
to market. Sow date is dependent upon available working days with appropriate weather, available 




preparation after the previous season’s crop. For example, the sowing date of wheat is dependent upon 
the rice planting, and hence harvesting, in the previous season. As a result, wheat sowing gets delayed in 
about 50% of the crop area in Haryana and almost 20% of the crop area in Punjab [Malik et al., 2000]. 
In India, it is approximated that sowing is carried out manually on 70% of farms, with mechanized 
sowing carried out on the remaining 30% [Baloch, 1999]. This has been extrapolated from data on 
farmer access to mechanized equipment during harvest. The approximation that the data on 
mechanized versus manual labor is transferrable between harvest and sowing is based on the 
assumption that farms with capital to invest in mechanized harvesters will also have mechanized 
equipment for planting.  
Sowing rates vary greatly between manual and mechanized systems. The manual sowing rate is 
approximately 48 hr ha-1 = 6 person-days ha-1 where the conversion to is based on an 8-hour work day 
[Hoque et al, 2013]. In comparison, the mechanized rate for sowing is 5 hr ha-1 = 0.625 planter-days ha-1 
[National Informatics Centre, Govt of India].  
Both the start date and duration should be determined to capture the full picture of sowing. This is 
especially necessary as sowing is typically completed over several days and will thus not solely be 
impacted by the start date. Calculation of the full duration of sowing () in days is equal to the rate of 
sowing () in days/ha multiplied by the farm size (A) in ha, divided by available labor () in number of 
people available for manual labor or planters available for mechanized sowing. Calculations are noted in 












In many cases, sowing may not take place over consecutive day depending on weather conditions and 
available labor. A simple function has been designed to approximate the impact of the working days 
effect on sowing (see Appendix B for implementation in MATLAB):  
Step 1. Generate a normal distribution of sowing dates based on values in literature. Data for this sowing 
date generator was pulled from Lobell et al., Table 1. This data was used to generate a sample standard 
deviation and mean [Lobell et al, 2013]. 
Step 2. Select a random sow dates for each farm from the distribution from Step 1. Use each farm’s 
duration of sowing (calculated prior to this function) to determine the calendar date initially allocated to 
sowing on each farm. For example, if Farm X has been randomly selected to begin sowing on November 
5 and requires 3 days to complete sowing, the dates allocated to Farm X are November 5, 6, and 7. Store 
the working days for in farm in an array.  
Step 3. Determine earliest and latest sow dates, use this range to create a range of probable working 
days (an array: “dates”). 
Step 4. Use probability of working day (PWD) to calculate an appropriate value for number of work days 
(e.g. NumWorkDays), round to integer (e.g. NumWorkDaysInt). Probability of working day is a factor and 
should be determined from literature based on region and time of year.  
Step 5. Randomly select the percent of work days elucidated from (Step 4) from possible work days 
(Step 3) based on PWD (e.g. WorkDates). For instance, if PWD = 0.5, identify in Step 4 that out of 100 
probably working days, only 50 days will be suitable. In Step 5, randomly assign which 50 days out of the 




Step 6. Using the actual available working days (Step 5), reconcile this with the randomly selected 
sowing dates for each farm (Step 2) to ensure they are only operating on working days.  
Step 6.1. Generate a new vector with a normal distribution that selects only from available working date 
values.  
Step 6.2. Test current vector of selected sow/harvest dates for each farm (Step 2) against available 
working dates. If value matches one of the available working days, accept. If a date falls on a non-work 
day, add +1 day until the farm is operating on an available work day.  
This function presents a possible problem for farms that initially plan to begin sowing on the last day in 
the optimal sowing window. Some loss is attributed to sow date selection. Optimal planting dates in 
India are considered between November 5 (long season) to November 15 (medium or short season). A 
0.7% loss is incurred per day planted after the optimal sow date window. However, most of the available 
data surrounding sow dates is limited to Punjab, Haryana, and Uttar Pradesh states and specific to 
wheat [Govt of India, 2018; Randhawa et al, 1981]. 
 
Harvest	Date	Model		
Once the sowing date(s) have been determined, the harvest date can be estimated. Harvest date 
selection is key to postharvest decisions and will ultimately determine when the grains can go to market. 
Timing the delivery of grains to market can play a large role in achieving the best trade price. Days to 
begin harvest after sowing (DAS) are identified in the literature as 110-130 days for rice and 180-250 




Similar to determining sowing start date and duration, for harvest a start date and duration must also be 
determined. As previously noted, it has been approximated that the ratio of manual to mechanized 
harvest occurs at 2.3:1 [Baloch, 1999]. 
Harvesting may take as much as double the time of sowing dependent upon the farm size and available 
equipment and labor. IRRI estimated that In India, manual rate harvesting can take anywhere from 40-
80 person-hours ha-1, or 5-10 person-work-days ha-1 (based on 8-hour work days). However, the FAO 
estimates that manual harvesting could take twice as long at 10-20 person-days ha-1 (FAO). In contrast, 
farms with access to mechanized equipment may take only 2-4 reaper-days ha-1 to harvest. Harvest 
taking multiple days may not occur on consecutive days. The day number at the end of the harvest can 
be calculated for manual and mechanized harvesting using Equations 7 and 8, respectively.  – the day 
number of the final harvest date is equal to the sum of the last working day of sowing (), the total days 
after sowing until the start of harvest (D), the total duration of harvest where harvest rate () is 
substituted for sowing rate, and total threshing days (T) for manual harvested systems. Threshing may 
be included in the calculation of total time to the end of manual harvesting if desired since the 
analogous equation for mechanized harvesting may take threshing into account already if a combine is 
used in place of a reaper [Sreeramulu, 2005; IRRI, 2018; Proctor, 1994]. 
𝐻_`ab`c = 𝑆𝑙𝑎𝑠𝑡 + 𝐷 +
(|efghfi×j)
klmnlim
+ 𝑇    (Equation 7) 
𝐻_opq`ar}o~ = 𝑆𝑙𝑎𝑠𝑡 + 𝐷 +
(|emstfgum×j)
kmhulemgv
   (Equation 8) 
The Sowing Date Generator function (as previously described) can be implemented to determine the 
actual duration of harvest, taking probable working days into account. Use a distribution of DAS 




Date Generator function. Use Equation 9 to calculate the harvest duration () in days for each farm prior 




    (Equation 9) 
‘Degree Day’ literature may be incorporated later and substituted for probable working day methods to 
achieve a more accurate estimation of total duration of sowing and harvest.    
 
Threshing	and	Drying		
Duration and timing of drying and threshing is key to maintaining the quality of the grain postharvest 
and determining when the grain can be brought to market.  
Grain can be threshed manually at a rate of 10-30 kg per person-1 hour-1. Some mechanized equipment 
can enable threshing rates to get up to 300-700 kg per equipment-1 hour-1. Manual threshing will 
typically incur greater postharvest loss which should be taken into account in modeling [Proctor, 1994]. 
Wheat may dry to 14% moisture within 48-72 hours using sun drying methods. Sun drying may incur 




Determining the quality of grains that arrive at market should preclude the estimation of any trade bids. 
The FCI purchases grains that meet quality standards at a minimum support price. Any grains that fail to 




quality [Damodaran, 2015]. Private traders may also adhere to the FCI quality standards for grain 
assessment. The quality will determine Mandi trade bids and also the price that the farmers expect – 
based on their respective qualitative assessments of the grain on site at the market.  
Features that are considered for grain quality assessments by the FCI include [Wheat Bazar India, 2015]: 
- Total quantity: production estimates minus PHL from harvest to market  
- Moisture: based on harvest date and drying method 
- Foreign matter: based on drying mechanism, harvest mechanism, and storage method (e.g. 
covered vs. open, bags vs. bins)  
- Other food grains: based on number of crops being harvested on the same farm, even 
during previous seasons  
- Damaged grain: can be impacted by manual vs. mechanized harvest  
- Slightly damaged grain  
- Weeviled grain: based on storage method  
Figure 22 details the impact of variation in grain features on grain grade designation for the FCI. There 
are maximum tolerances allowed for each feature. Exceeding the maximum in any one feature will 
reduce the grade of the grain. For example, greater than 1% weevilled grains in the marketed product 
will reduce the grade to 2. Also, greater than 1% foreign matter by weight in the marketed product will 





Figure 22, Grain grade designation based on special characteristics, [Wheat Bazar India, 2015] 
 
Determining	Grade	estimate	by	farmers,	Mandi,	and	FCI		
A farmer should have an approximation of their own grain quality prior to entertaining bids from traders 
at the Mandi. It may be assumed that farmers are familiar with having their grain regularly assessed, but 
do not possess means of performing a quantitative assessment. Therefore, their own approximation of 
their grain grade should be approximately +/- 1 from their actual grain grade. For example, if the actual 
grade is grade 3, farmers could estimate that their grain is grade 2, 3, or 4. In a simple function, a farmer 
could approximate their grain quality by randomly selecting from a uniform distribution of +/- 1 from 
their actual grain grade.  
 
Negotiating	trade	price	between	farmers	and	Mandi’s	private	traders	and	FCI	buyers	
A farmer’s expected return from the market is based on their estimation of their own grain and their 




bid price in excess of 5% profit. As the time lapses in the simulation, farmers may begin to accept bids at 
0% profit. This may occur for farmers who do not get to approach traders early in the day. Private 
traders are limited by the quantity of grain they can transport, their investment capital, and driven by 
their expected profits. FCI traders, in contrast, are limited by their ability to bid a maximum of the 
minimum support price (MSP). Some anecdotal evidence has demonstrated that private traders will turn 
around and sell farmers’ grains to the FCI. However, some literature has contradicted this by stating the 
FCI only buys directly from farmers at the Mandi. Regardless, the Mandi’s private traders have the 
option to sell grains through other channels to achieve higher profits. Perhaps obviously, markets are 
not composed of clear cut and predictable interactions and may require further exploration to develop 
an adequate contract negotiation model.   
The quality of the grain is checked before bidding, both by the farmer and any party interested in 
bidding. Bidding may occur between FCI and Private Traders. The minimum support price (MSP) if often 
greater than the global commodity price. The MSP determines the fixed rate that the FCI will bid at, 
unless grain quality drops lower than the minimum standards. The FCI may reduce their bid from the 
MSP to purchase low quality grains in the event that the they have low general or buffer stocks available 
for public distribution. Their first priority is to meet the demands of the welfare distribution system, and 
then to procure the highest quality grains possible at a maximum bid rate equal to MSP. It is unclear 
what the threshold is for FCI stocks before they will begin bidding on sub-standard grains. Private 
traders bid at variable rates, usually less than MSP and closer to the global commodity price 
[Damodaran, 2015; Govt of India, 2015]. 
The following function is proposed based on a simplistic understanding of the interactions between 




Step 0. Grains are bid on in order of farmers that show up to market. The order of farmers randomized 
for each season. Traders show up to Mandi in randomized order.   
Step 1. Quality checked before bidding and assessment is made by both the farmer and trader. 
Step 2.1. For grains >= FCI standards:  
- FCI bids based on MSP 
- Private trader bids based on variable global commodity price  
Step 2.2. For Grains < FCI standards: 
- If PDS requirements not met, FCI bids a with a price penalty  
- Private trader bids based on variable global commodity price  
Step 2.3. Grains below acceptable quality are rejected by FCI and private traders.  
Step 3. The highest bid will be accepted by the farmer 
 
Bidding will occur either until (1) all grains are sold by famers (2) all PDS and Private Traders have filled 
their quota. Bids among private traders also distinguished by the risk of trader and desired grain quality 
level of each trader; some private traders will have alternate channels for selling grain for milling and 
processing or expect to move their grain quickly and be satisfied with bidding on lower quality grains. 
The ability of private traders to procure a higher percentage of total grains may reduce total postharvest 
loss since these low-quality grains are being used rather than sitting in PDS storage. Understanding Price 




Shoumitro Chatterjee and Devesh Kapur is recommended reading prior to developing contract 
negotiation models for grain markets in India [CRN India, 2018]. 
 
Integration	of	BioGrain		
The retention of an optimization submodel to handle on-farm operations, as in Shastri’s ABM, may be 
desirable in a novel ABM. An analog to BioFeed (biomass operation optimization) that handles grain is 
currently in development under the name BioGrain. BioGrain would require modifications prior to 
implementation in a simulation for India as it is being developed to handle grain operations based in the 
Midwestern United States.  
To get an idea of the inputs required, as these would be a large portion of the necessary adaptations, 
they have been outlined below:  
- Farm location and size (farmer ID): Data would need to be retrieved on farm proximity 
relative to other farms in India, and relative to other points of interest including markets and 
storage facilities. Average farm size in India is 2.5 hectares and may vary by region.  
- Probability of working days: 0.7 probably that any given day is a working day determined by 
time of year and soil parameters [Cor, 2006] 
- Crop peak yield (one number): yields are available for various states in India in kg/hectare 
[Sreeramulu, 2005] 
- Pre-harvest yield loss rate relative to peak yield (one number): 18.68% [Vyas, 2006] 





- Unit equipment operation costs: May be estimated based on necessary equipment, see 
Figure 23 
- Crop establishment cost: data exists but is not provided in this work 
- Drying cost: data exists but is not provided in this work 
The decision variables made by the optimization model include: selecting appropriate equipment, 








Figure 23 Cost, Labor required, and Efficiency estimates for various mechanized equipment appropriate for 






Postharvest loss can be tracked throughout the supply chain stages by analyzing loss due to quality 
features of the grain. For example, grain moisture may be impacted at each stage of the supply chain 
and this in turn may affect postharvest losses. The initial sun-drying may be later cancelled out by heavy 
rain and improper storage, incurring postharvest losses.  
Moisture as a quality, specifically, is worth addressing at all supply chain stages as it is a common cause 
for low grain quality and postharvest loss. Moisture as a function of temperature and relative humidity 
could be incorporated simultaneously with more sophisticated weather models.  
The novel ABM may also be paired with a production loss model that incorporates weather and soil 
variance. This would encompass loss at all stages of the life span of the grain, with the exception of 
consumer waste.  
The information presented here is inadequate to create a complete, novel ABM of India’s grain supply 
chains. Additional review of literature, and possibly even field surveys and data collection, would assist 
in the development of the proposed model. Useful data may include surveying farmers of various 
regions to elucidate decision making processes of farmers, identify social networks and their impact, or 
better identify on-farm practices and associated loss. Additional data surrounding the movement of 
grains throughout markets and the FCI facilities would also be useful in validating proposed supply chain 






The baseline ABM presented here can be developed into a model in MATLAB or other modeling 
platforms suitable for ABMs, using the algorithm overview and proposed structure for the ‘submodels’ 
and functions provided. Validation and verification of the model will be key in post-development. 
Development of the model should focus on the producer perspective of the farmer, multi-crop analysis, 
and the retention or improvement of human decision-making representation of the agents. Significant 
adaptations may be made when moving from the baseline model to testing scenarios. Proposed areas of 
focus for future scenarios include: improving the accessibility to mechanization, introducing a variety of 
storage options with regard to management and location, and introducing changes to government 
interventions including type of subsidy offered and ceilings on procurement. A better understanding of 
India’s supply chain dynamics and postharvest loss of grains may come through building on the existing 
knowledge and available modeling frameworks. It is critical to continue exploring this work to reduce 
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1) Declarations (Inputs)  
a. Define problem size  
b. Specify BCAP values  
c. Initialize contract parameters used by farmers and biorefineries  
d. Initialization of Energy Crop data 
e. Initialization of Storage Elevator  
f. Initialize Farmer data  
g. Initialize Refinery Data  
h. Declare/Initialize parameters used to import data from BioFeed  
i. Declare/Initialize parameters used to store, modify, and use data from BioFeed  
j. Declare parameters to store values for yearly data for farmers and biorefinery  
2) Simulation  
a. Begin new year  
b. Determine production cost for farmers not producing biomass  
c. Begin a new month (loops from January (1) to December (12))  
d. Reset the biomass cash price to the latest price for Storage Elevator/ all purchasing 
options 
i. This Storage agent is just a buffer for purchasing leftover biomass, primary 
biomass purchase price comes from biorefinery agent  
e. Modify biomass in Storage Elevator to account for average losses in storage  
f. In March (month 3), determine farmer participation  
i. Farmer participation decision not determined by contracts 
ii. Planting begins in April/May  
iii. Model assumes farmer will get a contract  
iv. Decision is based on farmer’s mental model  
v. Decisions include:  
1. Whether to participate or not 
2. Fraction of land devoted to biomass  
3. What type of biomass  
vi. Process:  
1. Carry over previous participation decision 
2. Initialize farm net benefit (for comparison)   
3. Import crop’s mean yield 
4. Calculate participation of farmer’s network  
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5. Calculate total annual expected yield (Mg)  
6. Calculate production cost estimate (based on a weighted average of 
previous estimated and actual costs)  
7. Calculate biomass selling price estimate (bidding price estimates) (based 
on a weighted average of previous estimate and actual 
purchase/contracted price)  
8. Decide whether to participate in biomass farming  
a. Calculate expected net benefit for switching from conventional 
to biomass farming  
b. Decide whether to participate (Economic net benefit + mental 
mode)  
i. Farmer has not done biomass farming in the past  
1. Decide whether to participate in the future 
ii. Farmer has done biomass farming in the past, decide to:  
1. Increase farm fraction 
2. Decrease farm fraction 
3. Drop out of biomass farming  
iii. Function of: performance of the past two years, 
performance of the social network, expected benefit 
from the remaining time duration, penalty for supplying 
less biomass, expenses for moving back to conventional 
crops. 
g. Negotiate Contracts for following year (May) 
i. Adjust production capability, add in surplus biomass 
ii. Carry over contracts from previous year  
iii. Initialize data for bid submission, evaluation, and contract signing  
1. which contracts are satisfied  
2. Farm decisions and performance  
3. Biomass production capability   
a. Farmers can submit multiple bids until all of their production 
capability is allocated to contracts  
iv. Refinery modifies capacity based on participation  
v. Farmers bid for particular contract slots, bids evaluated by refinery  
1. Bids submitted until either all biomass used, or all refinery demand is 
filled 
vi. Contracts completed, average contract price profile generated 
h. For first growing season, code skips over seasons (April-December) where no operations 
or negotiations are occurring  
i. Pass contract decisions to BioFeed to simulate operations 
j. Modify Farm Parameters based on GAMS results  
i. On farm open and covered storage is updated  
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ii. Based on contract offering and remaining biomass, farmers may submit new 
bids  
iii. If farmer has leftover biomass after satisfying contract obligations  
1. may sell biomass to storage elevator  
2. may carry over biomass for next year’s contracts  
3. à this section (rules for carrying over biomass) may have to be 
modified for grains and alternative crops depending on how long they 
can be stored before selling  
iv. Excess biomass has been sold, profit/loss calculations are made for each farm  
1. Calculate storage costs  
2. Total cost is calculated (production costs/total contracted biomass)  
a. Production cost does not include transportation and 
establishment  
b. Total contracted biomass= biomass delivered, which will be less 
than total biomass produced due to handling and storage loss  
c. Calculate Storage Costs  
d. Calculate farmer profit 
i. Based on: contract price, per unit production cost, and 
shortfalls  
e. Modify farm performance  
f. Store farmer performance in farmer network vector  
g. Modify farm attributes based on performance  
k. Modify farm gate production cost estimates for farmers who did NOT grow biomass 
using the production cost information for farmers in their social network  
l. Procure shortfall for the refinery through biomass at the storage elevator  
m. Store final values of production and storage costs; calculate number of farms that did 
not participate 
n. Store performance values in networks linking to other farms  
o. Modify farm attributes based on performance  
p. Modify farm attributes and preferences as a function of performance  
q. Store results for each farm for current year  
r. Modify refinery attributes and preferences as a function of performance  
s. Store results for farm performance as a function of the cognitive process of the farmer  
t. Calculate average performance of different types of farms for all previous years  
u. Reset farm parameters for new year  
v. Store farm area fraction and total farm area for biomass 
w. Loop, initiate new season 














a= 1.766981104; %standard deviation for sowing date 
b = 315; %average sowing date for wheat in Punjab, approximately November 11 or the 315 day 
%of the year 
SowDate = a.*randn(100,1) + b; %generate a vector SowDate with random sowing dates for each 
%of the 100 farms, 100=i_max 
stats = [mean(SowDate) std(SowDate) var(SowDate)]; 
 
SowDateInt = round(SowDate) %round SowDate to get integers for dates 
 
min = min(SowDateInt) %earliest sowing date from normal distribution 
max = max(SowDateInt) %latest sowing date from normal distribution  
dates = min:1:max %possible working dates resulting from normal sowing date distribution 
 
%Randomize the available possible work dates (WorkDates) for sowing based on the probability 
%of working day (PWD) and range of sowing dates 
PWD = 0.5 %50% probability of working day for sowing in November  
NumWorkDays = PWD*(max-min) %number of probable working days for sowing selected based 
%on probability of working day (PWD) 
msize = numel(dates); 
WorkDates = dates(randperm(msize, NumWorkDatesInt)) 
 
%generate a vector SowDateFinal with random sowing dates for each of the 
%100 farms selected from available working dates (WorkDates)   
